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Agricultural productivity growth is a primary driver of economic development throughout 
the world. In Africa, productivity growth has lagged behind the rest of the world, resulting in food 
shortages and continued reliance on subsistence agriculture by smallholders. The challenges 
from climate change, population growth, and rural food insecurity, have made it all the more 
difficult to increase productivity in Africa. In addition, chronic poverty and limited access to 
resources are major hurdles to regional productivity growth. Initiatives to address these issues 
rely on foundational studies that are used to justify programs and policy. This dissertation takes 
a multi-faceted approach and makes a contribution to the literature by providing micro-
econometric evidence of agricultural production for smallholder groundnut farmers in selected 
African countries.  
Groundnut (Arachis hypogaea L.) is a highly nutritious legume grown throughout the world. 
It contributes to the diversity of smallholder production portfolios and is used in rotations and 
intercropping to increase soil health and fertility. Each of the following chapters offer a distinct 
perspective that together sheds light on important dynamics at the nexus of agricultural production 
and development. Findings suggest that agricultural extension plays a critical role in enhancing 
the well-being of smallholders through increased productivity and food safety. The second chapter 
evaluates the lasting impact of an intervention in Uganda to increase adoption of high-yielding 
groundnut varieties with results that indicate a twenty one percent increase in adoption. In chapter 
three, total factor productivity and technical efficiency is analyzed for smallholder groundnut 
producers in Mozambique and reveals low productivity among the sample. Extensions efforts to 
increase adoption of productivity enhancing practices and high yielding varieties is underscored. 
Jeremy Leeming Jelliffe – University of Connecticut, 2020 
Chapter four includes data from chapters two and three in addition to data for Ghana to examine 
smallholder knowledge and levels of aflatoxins. The findings indicate that self-reported knowledge 
is positively associated with village-level extension, while aflatoxin levels are inversely associated 
with both village-level extension as well as the adoption of good management practices. 
Furthermore, adoption of good agronomic practices alone can greatly increase both total output 
and quality, while reducing aflatoxin pressure through enhanced crop vigor. 
  i 
 
 
 
 
An Economic Analysis of Smallholder Groundnut Production in Selected African Countries 
 
Jeremy Leeming Jelliffe 
 
 
B.A., University of Connecticut, 2009 
B.S., University of Connecticut, 2009 
M.S., University of Connecticut, 2012 
 
 
 
 
 
 
 
A Dissertation 
Submitted in Partial Fulfillment of the 
Requirements for the Degree of  
Doctor of Philosophy 
at the 
University of Connecticut  
 
2020 
  ii 
 
APPROVAL PAGE 
 
Doctor of Philosophy Dissertation 
 
An Economic Analysis of Smallholder Groundnut Production in Selected African Countries 
 
 
 
Presented by 
Jeremy Leeming Jelliffe 
 
 
 
Major Advisor ________________________________________________________________ 
       Boris E. Bravo-Ureta 
 
 
Associate Advisor _____________________________________________________________ 
           Nathan Fiala 
 
 
Associate Advisor _____________________________________________________________ 
            Carl Deom 
 
 
Associate Advisor _____________________________________________________________ 
           David Jordan 
 
 
 
 
 
 
University of Connecticut 
2020
  iii 
Acknowledgements 
Mentorship is the cornerstone of the academy for each of us stands upon the shoulders 
of giants. I am fortunate to have had exceptional mentors and teachers as well as the privilege of 
working with a host of collaborators while being supported by my peers, faculty, staff, friends and 
family. A special thanks is extended to the smallholder farmers that participated in the household 
surveys in Uganda, Ghana, and Mozambique, and the survey teams of enumerators and in-
country partners that worked to collect the data used for the analysis in this dissertation. My major 
advisor has contributed the (second) most to this effort and has shared tremendous knowledge 
and insight through the process. Over the course of many projects, several international trips, and 
working to complete this dissertation I have often found myself in awe of his mastery of the subject 
matter. He has provided me with generous funding for teaching and research over the years, 
helping me to engage effectively in the classroom and in my research, and to seek out a 
committee to support the important work that I present in this dissertation. To my committee, I 
appreciate your guidance and expertise in completing my course of study and conducting original 
research to fulfill the requirements of the doctoral degree. The unsung heroes of our department 
are the wonderful staff – Karen and Claire, thank you for your steadfast encouragement over the 
years. The work of our deans, department heads, members of the graduate committees, and 
fellow graduate students are also acknowledged here. To my family, thank you for your 
unwavering support and patience as I worked to achieve this goal, it has meant everything.  
 
  iv 
 
 
 
 
 
 
 
 
I dedicate this work to the women in my life, my wife Stéphanie, my daughters Josephine and 
Koralee, and the mothers and matriarchs who patiently supported me in achieving my goals. 
  v 
 
 
 
 
 
 
“Most of the people in the world are poor, so if we knew the economics of being poor, we would 
know much of the economics that really matters. Most of the world’s poor people earn their 
living from agriculture, so if we knew the economics of agriculture, we would know much of the 
economics of being poor.” – 1979 Prize Lecture, The Sveriges Riksbank Prize in Economic 
Sciences in Memory of Alfred Nobel  
Theodore W. Schultz  
 
  vi 
Table of Contents 
 
Chapter 1: An Overview of Agricultural Productivity and Groundnut Farming in 
Sub-Saharan Africa 
 
1.1 Background ................................................................................................................... 1 
1.2 Dissertation Objectives ................................................................................................ 3 
1.3 Evaluation Strategy....................................................................................................... 4 
1.3.1 Data .................................................................................................................... 4 
1.3.2 Methodological Framework .............................................................................. 5 
1.4 Summary of Findings ................................................................................................... 6 
1.4.1 Chapter 2 ............................................................................................................ 6 
1.4.2 Chapter 3 ............................................................................................................ 6 
1.4.3 Chapter 4 ............................................................................................................ 7 
1.5 Concluding Remarks .................................................................................................... 9 
 
Chapter 2: Adoption of High-Yielding Groundnut Varieties: The Sustainability of a 
Farmer-Led Multiplication-Dissemination Program in Eastern Uganda 
 
2.1 Introduction ................................................................................................................. 12 
2.2 Background ................................................................................................................. 15 
2.2.1 Seed Adoption Literature ................................................................................ 15 
2.2.2 Groundnut in Uganda ...................................................................................... 18 
2.2.3 The ATU Farmer-Led Multiplication and Dissemination Program ................ 20 
2.3 Materials and Methods ............................................................................................... 21 
2.3.1 Data .................................................................................................................. 21 
2.3.2 Methodological Framework ............................................................................ 23 
2.4 Results ......................................................................................................................... 28 
2.5 Discussion ................................................................................................................... 30 
  vii 
Chapter 3: Total Factor Productivity and Technical Efficiency Among Smallholder 
Groundnut Farmers in Northern Mozambique 
 
3.1 Background ................................................................................................................. 42 
3.2 Methods ....................................................................................................................... 50 
3.2.1 Econometric Framework ................................................................................. 50 
3.2.1.1 Controlling for Spatial Heterogeneity with ‘True’ Fixed Effects ............ 52 
3.2.2 Multidimensional Poverty Index ..................................................................... 53 
3.2.3 Data .................................................................................................................. 54 
3.2.3.1 Descriptive Statistics ........................................................................... 56 
3.2.4 Empirical Model ............................................................................................... 58 
3.3 Results and Discussion .............................................................................................. 60 
3.4 Summary and Concluding Remarks .......................................................................... 65 
 
Chapter 4: Analysis of Aflatoxin Contamination in Groundnuts: Evidence from 
Ghana, Mozambique, and Uganda 
 
4.1 Introduction ................................................................................................................. 78 
4.2 Background ................................................................................................................. 80 
4.2.1 Groundnut: A Global Crop .............................................................................. 80 
4.2.2 Aflatoxins: A Global Concern ......................................................................... 81 
4.3 Evaluation Strategy..................................................................................................... 83 
4.3.1 Data .................................................................................................................. 83 
4.3.1.1 Descriptive Statistics ........................................................................... 85 
4.3.2 Methodological Framework ............................................................................ 86 
4.4 Results ......................................................................................................................... 90 
4.5 Summary and Concluding Remarks .......................................................................... 94 
 
References................................................................................................................................111 
  1 
Chapter 1 
An Overview of Agricultural Productivity and Groundnut Farming in Sub-Saharan Africa 
 
1.1 Background 
Agricultural productivity growth is a primary driver of economic development throughout 
the world (World Bank 2007). This pattern can be traced back to the agricultural revolution that 
provided much of the foundation for modern society (Jayne et al. 2010). In Africa, productivity 
growth has lagged behind the rest of the world and a large portion of the population continues to 
rely on smallholder subsistence agriculture (Bravo-Ureta et al. 2017; Ogundari 2014; Pardey, 
Alston, and Ruttan 2010; Bravo-Ureta et al. 2007). In response to the challenges of population 
growth, food insecurity, and climate change, a variety of policies have been applied to incentivize 
adoption of practices that increase productivity and production while mitigating losses from 
increased disease and drought pressure to meet growing demand (Field and Van Aalst 2014; 
Muller et al. 2011; Kahsay and Hansen 2016; Knox et al. 2012). Yet, chronic poverty and limited 
access to resources are major hurdles to productivity growth (Pingali, Schneider, and Zurek 
2014).  
Alternative means to increase agricultural production have been widely considered either 
by extensification or intensification, and often through a combination thereof (Baudron et al. 2012; 
Snyder and Cullen 2014). Recent work supports the consensus among researchers and policy 
makers that smallholders will remain critical stakeholders in Africa’s food system and green 
revolution, although some successful larger farms have emerged (Larson, Muraoka, and Otsuka 
2016). Among smallholders, the application and appropriate management of primary inputs such 
as seeds, labor and land, determines productivity and the efficiency of the farming operation 
(Baudron et al. 2012; Garnett et al. 2013; Vanlauwe et al. 2014). In cases where land is limited 
and even fixed, intensification strategies to increase productivity include input mix, crop rotation, 
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improved seeds, micro-dose fertilization, conservation tillage, and irrigation (Pretty, Morison, and 
Hine 2003; J. Pretty, Toulmin, and Williams 2011; Loos et al. 2014). Where land is available to 
expand the cultivated area, research findings have demonstrated a wide range of productivity 
outcomes associated with farm size; on one end of the spectrum, larger farms are found to be 
less productive than their smaller counterparts, and on the other the opposite is observed, where 
productivity is increasing with farm size (Alvarez 2004; Adamopoulos and Restuccia 2014; Li et 
al. 2013; Masterson 2007; Julien, Bravo-Ureta, and Rada 2019). In any case, researchers must 
continually ask what works, when, where, how, and why. Findings are common sense more often 
than not but, as a general rule, there are no one-size fits all solutions. Nevertheless, guiding 
principles usually hold. For example, agricultural extension is a useful tool for increasing farmer’s 
knowledge of new technologies, but the success often relies on having in-depth case-by-case 
knowledge of the target communities (Anderson and Feder 2004; Semana 1999). Accordingly, 
policy makers need both a broad view of what generally works along with detailed information to 
solve specific problems.  
Given the need for both broad and specific information, this research takes a multi-faceted 
approach to examining agricultural production among smallholders in selected African countries. 
It focuses on groundnut (Arachis hypogaea L.), an increasingly important crop to global food 
security and smallholder production systems (Toomer 2018; Stalker 1997). This crop is a 
relatively low-input legume that enhances soil fertility and quality when used in crop rotations 
(Woomer et al. 2012; Ojiem et al. 2006). Compared to other smallholder crops, groundnuts are 
known for their heartiness and can generate modest yields under unfavorable conditions where 
other crops may fail (Ojiewo et al. 2020). Furthermore, recent research has shown that increased 
atmospheric carbon dioxide (CO2) will be beneficial to groundnut production, increasing nitrogen 
fixing and expected yields (Burkey et al. 2007; Rogers, Ainsworth, and Leakey 2009). Groundnuts 
are rich in both zinc and protein, and hence a particularly valuable source of essential nutrients 
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(Settaluri et al. 2012; Toomer 2018). Furthermore, zinc and protein have been in decline 
throughout the food supply as a result of the changing climate (Beach et al. 2019; Myers et al. 
2015; Wessells and Brown 2012; Medek, Schwartz, and Myers 2017). This has resulted in 
increases in malnourishment and stunting amongst vulnerable populations, which are often made 
up of smallholder producers (Palmer, Tshala-Katumbay, and Spencer 2019). Thus, the promotion 
of groundnut farming has become an appealing target crop in the agricultural policy arena.  
However, policy makers are also concerned about the prevalence of mycotoxins in 
groundnuts, e.g., aflatoxins, that generate negative health effects when consumed by people or 
livestock (Ncube and Maphosa 2020; Florkowski and Kolavalli 2014). Furthermore, the natural 
prevalence and severity of mycotoxin formation is expected to increase with climate change 
(Paterson and Lima 2010; 2011; Bandyopadhyay et al. 2016; Battilani et al. 2016). Consequently, 
technologies to reduce mycotoxin pressure have become an increasingly important research topic 
(Grace et al. 2015; Wild, Miller, and Groopman 2015). Ultimately, this work focuses on 
mechanisms by which groundnuts can be grown productively and safely to meet the nutrient 
demands of smallholders in rural sub-Saharan Africa. Each of the three essays that constitute 
this dissertation offer a distinct perspective representing a novel contribution to the literature and 
together shed light on important dynamics at the nexus of agricultural production and 
development. 
 
1.2 Dissertation Objectives 
This dissertation deals with the economics of smallholder groundnut production in sub-
Saharan Africa. It considers agricultural technology adoption, productivity, and food quality and 
safety. Each of these issues is addressed with global climate change as a backdrop and with the 
need for more resilient food systems throughout the world, particularly in developing regions 
where the impacts will be most severe (Muller et al. 2011; Kahsay and Hansen 2016; Knox et al. 
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2012; Serdeczny et al. 2016; Schlenker and Lobell 2010; Roudier et al. 2011; Kumssa and Jones 
2010). Moreover, the severity of these impacts is magnified by resource scarcity and poverty 
among smallholders (Hertel and Rosch 2010; Hope 2009). By considering promising avenues to 
mitigate the effects of climate change and to increase the resilience of smallholder production 
systems, the following essays contribute novel evidence to the literature. The first essay (Chapter  
2) evaluates the lasting impact of an intervention in Uganda to increase adoption of high-yielding 
groundnut varieties. In essay 2 (Chapter 3), total factor productivity and technical efficiency is 
estimated for smallholder groundnut producers in Mozambique. Essay 3 (Chapter 4) includes 
data from the first two essays in addition to data for Ghana to examine smallholder knowledge of 
aflatoxins. Additional analysis for Ghana examines aflatoxin levels, extension, and good 
management practices for cultivation, post-harvest drying and storage. 
 
1.3 Evaluation Strategy 
1.3.1 Data 
The sources of data for this dissertation are household (HH) surveys of groundnut 
producers and experimental results from experimental trials. Data collection was supported by 
the United States Agency for International Development (USAID) Peanut Mycotoxin Innovation 
Lab (PMIL) and partner agencies in the corresponding country. The three HH survey countries 
(year) represented in this dissertation are Uganda (2014), Ghana (2015), and Mozambique 
(2016). Data from experimental field trials were collected in Ghana from 2015-2017, and covers 
4 growing seasons (2 major and 2 minor seasons).  Each of the following chapters relies primarily 
on data from a single country: Chapter 2 Uganda; Chapter 3 Mozambique; and chapter 4 Ghana. 
However, Chapter 4 also utilizes data from all three countries regarding aflatoxin awareness in 
the first part of the analysis. The remainder of Chapter 4 uses data from both the Ghana survey 
and the field experimental trials. 
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1.3.2 Methodological Framework 
Econometric analysis is the predominant methodology used in this dissertation. In the first 
essay, models of technology adoption rely on comparison of treated and control groups. A quasi-
experimental design is employed to examine the sustainability of project effects to increase the 
adoption of high-yielding varieties of groundnuts. We utilize a 2-part control to separate treatment 
from spillover effects to neighbors of HHs in the treatment group. Three alternative methods are 
used in the analysis: (1) fractional regression; (2) propensity score matching; and (3) intent-to-
treat instrumental variables regression.  
In the second essay, productivity is examined using a Cobb-Douglas Stochastic 
Production Frontier (SPF) to generate measures of technical efficiency and total factor 
productivity. Two alternative SPFs models are estimated: (1) Pooled and (2)‘True’ Fixed Effects. 
Model (2) incorporates district fixed effects into the SPF to control for unobserved heterogeneity. 
Postestimation results are used to compare productivity and HH characteristics. Specific attention 
is given to the association between HH productivity and welfare based on a multidimensional 
poverty index constructed for this study.   
 Essay 3 consists of three parts with distinct methodological characteristics. Part (1) uses 
a Probit model to estimate self-reported knowledge of aflatoxin as a function of HH characteristics. 
In part (2), groundnut aflatoxin concentration as a function of HH characteristics (survey data) and 
field trial (experimental data) is estimated via negative binomial regression. The final part of the 
analysis examines the experimental field trials and includes two sub-parts (a and b). In (a), 
ordinary least squares (OLS) regression is used estimate groundnut yield as a function of good 
management practices (GMPs) while controlling for location, season, and year. Part (b) uses post 
estimation results from part (a) and predicted values for aflatoxin from part (2) to estimate the 
expected returns, costs, and gross margins from the adoption of GMPs. 
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1.4 Summary of Findings 
1.4.1 Chapter 2 
This chapter examines the adoption of high-yielding varieties (HYVs) of groundnut by 
smallholders in eastern Uganda. The primary focus of this work is the analysis of the sustainability 
of impacts from a regional farmer-led HYV dissemination and multiplication program. Data 
collected in 2014 is used to determine the lasting impact of the program conducted a decade 
prior, from 2001 to 2004. The structure of the data, which includes a treatment and 2-part control 
group, is critical to the identification of project impacts, measured as groundnut land allocation to 
groundnut HYVs (%). Fractional regression, propensity score matching and instrumental 
variables techniques are utilized to address potential bias from model specification, selection, and 
endogeneity. We find that, on average, participating households allocated 21% more of their land 
in groundnuts to HYVs relative to controls. Diffusion of program benefits through spillover is 
revealed by statistically significant differences in mean adoption between neighbor and non-
neighbor controls, such that benefits are transferred from participants to their neighbors but not 
to the non-neighbor control group. We also find that, because of seed saving practices, the 
average yield for HYVs decreased over time to levels below those obtained from landrace 
varieties. Thus, the program effectively aided in information dissemination and technology transfer 
within rural communities. However, the results suggest that the continuous transfer of new 
knowledge and seed material is critical to the sustainability of food security outcomes among 
participant farmers. 
 
1.4.2 Chapter 3 
This chapter examines agricultural productivity of smallholder groundnut farmers in rural 
Mozambique. Data was collected in 2016 from the two provinces with the greatest total groundnut 
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production, Nampula and Cabo Delgado. The sample includes four districts and thirty-two 
villages—eight villages per district. Estimation is done using a Cobb-Douglas stochastic 
production frontier, controlling for district fixed effects, and standard errors clustered at the village-
level. Our analysis of productivity reveals a mean total factor productivity index and technical 
efficiency score of 0.34 and 0.68, respectively. We also examine productivity differences for 
subsamples associated with farm size, as well as income and multidimensional poverty. Results 
indicate that total factor productivity is positively associated with groundnut area but invariant to 
overall farm size; and income and a deprivation score are positively and negatively correlated 
with total factor productivity, respectively. Additional research on policy and programs to address 
the uncovered relationships is underscored as a critical next step. Finally, this work provides new 
information to stakeholders to support ongoing efforts to generate greater resilience and 
robustness in food systems across Mozambique. 
 
1.4.3 Chapter 4 
This essay begins by examining self-reported knowledge of aflatoxins and associated HH 
characteristics (R1) followed by an investigation of the relationship between HH characteristics 
and aflatoxin levels (R2). Results from experimental trials are then extended to estimate expected 
HH benefits from the adoption of Good Management Practices (GMPs) (R3), which include both 
agronomic and post- harvest practices. 
Findings for R1 suggest that knowledge of aflatoxin is related to village extension services, 
HHH education, total farm size, groundnut production area, experience with aflatoxins, and higher 
levels of knowledge in Uganda relative to Ghana and Mozambique. Estimation results from the 
pooled model indicate a negative association between aflatoxin awareness and no formal 
education and overall farm size. On the other hand, we observe positive associations between 
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self-reported aflatoxin awareness and groundnut production area, prior experience with an 
aflatoxin problem, and village extension. We also observe that self-reported knowledge is greater 
in Uganda compared to Ghana and Mozambique. 
Research question 2 is addressed with both HH survey data and experimental trials from 
Ghana. The results from both analyses indicate that GMPs reduce aflatoxin levels relative to 
current farmer practices. Furthermore, evidence from the HH survey demonstrates the importance 
of extension services on aflatoxin incidence at the village-level. This result for R2 compliments 
the results from R1 regarding the association between extension and knowledge of aflatoxin. 
Analysis of the HH survey data from Ghana also shows an inverse relationship between aflatoxin 
levels and HH size as well as regular consumption of groundnuts. Results from the experimental 
trials include highly significant effects by year, season, and location on aflatoxin and groundnut 
yields. These findings are consistent with the effects from global climate change, with greater 
variability in weather patterns driven by anthropogenic greenhouse gas emissions, which is 
thoroughly documented in the literature (Kurukulasuriya and Rosenthal 2013; Rosenzweig et al. 
2014; Paterson and Lima 2010; 2011).  
The final research question (R3) examines the results of experimental trials with respect 
to expected Returns, Expenses, Gross Margins, Benefit-Cost Ratios, and aflatoxin reduction. 
Analysis of experimental trials relative to the current farmer practices (control) generate in all 
cases positive Gross Margins (GMs) and Benefit Cost Ratios (BCRs) greater than one. These 
findings suggest that adoption of groundnut GMPs increases HH welfare. Although the full set of 
GMPs (Ag´D´S) does not produce the greatest GMs and BCRs, it provides the largest reduction 
in aflatoxin levels. Despite these reductions, mean aflatoxin levels under the full set of GMPs do 
not meet the domestic requirement of 5 PPB for processed groundnut products. Therefore, 
additional measures must be taken to further reduce the proliferation of aflatoxins on the farm. 
Further research is needed to examine strategies for farm-level aflatoxin reduction, including 
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aflatoxin resistant groundnut varieties, recently developed technologies (e.g. AflaSafe), and 
additional GMPs (e.g. pre-storage sorting).  
In sum, this essay provides novel contributions to the growing literature on aflatoxins in 
SSA. It focuses on self-reported knowledge of aflatoxins and the mechanisms by which 
groundnuts can be grown productively and safely to meet the nutritive demands of smallholder 
HHs. Altogether, it draws from multiple data sources to examine promising leads for groundnut 
production in the effort to enhance regional food security and resilience among smallholders. 
 
 
1.5 Concluding Remarks 
This dissertation considers smallholder productivity and food safety in Sub-Saharan 
Africa. It explores several avenues of inquiry for the enhancement of smallholder production 
systems. We find evidence that collaboration and the two-way flow of information between 
researchers and growers via extension is associated with meaningful differences in knowledge 
and behavior. We observe this through self-reported knowledge of harmful aflatoxins and 
adoption of technologies, e.g., high-yielding varieties and good management practices. These 
results contribute to the associated literature by offering additional empirical evidence to support 
established theories and practice. Throughout the developing world, the smallholder farmer bears 
the burden of meeting the food and fiber needs of the HH. They are the primary stakeholders for 
generating a productivity revolution to feed a growing population while facing the realities of global 
climate change. Ultimately, building a resilient food system in Sub-Saharan Africa to enhance 
regional food security will only be achieved through direct engagement of smallholder farmers 
and researchers. 
Drawing on the features of the data and analytical framework relied upon in this 
dissertation, we can identify several areas for improvements in future related studies. In terms of 
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data collection, each of the studies would have benefited from digital survey tools with tablet-
based enumeration. The ability to set thresholds for key variables and in-field data validation by 
the supervisor can enhance survey outcomes. Effectively, technological developments for survey 
tools have greatly improved the ability to ensure high-quality data generation. Another example 
of technological developments is measurement of farm size and plots using GPS to generate 
more precise data.  
Given research objectives, and budgetary and time constraints, it is important to consider 
the tradeoffs between more costly technologies,  length, and the total number of units interviewed. 
For example, questionnaires with fewer variables would allow for additional time to generate more 
accurate farm size measures. Furthermore, pre-survey power tests must be done to determine 
adequate sample size. Since the analysis is only as good as the data it is based upon, 
consideration of data enhancement is critical. Another key consideration is that the structure of 
available data is largely out of the control of the research team at least in the short run. These 
studies rely primarily on cross sectional data which has certain limitations in the identification of 
causal effects. For this reason, study findings are often presented as associations between 
variables. In contrast, panel data allows for greater identification of causal relationships so long 
as certain conditions are met during sample selection, e.g., randomization and representative 
draws from the population. Each of the studies faces distinct limitations that are addressed in the 
associated discussion where applicable.  
Finally, it is important to underscore that agronomic practices can play an important role 
in reducing aflatoxin and that such practices should be complemented by cost effective post-
harvest interventions. These results confirm the importance of undertaking field trials the results 
of which can be converted into valuable recommendations for producers. A major implication 
relates to the importance of providing opportunities to farmers so that they can learn the 
recommended practices and thus facilitate adoption. However, a remaining challenge that is well 
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documented in the literature is that lack of liquidity prevents smallholder farmers in poor countries 
to adopt practices that can have high expected benefits. Here is where governments and donors 
play a critical role by implementing well designed interventions that include the dissemination of 
proven practices and materials, well organized farmer training and extension support, access to 
financing, and expanded marketing opportunities.  
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Chapter 2 
Adoption of High-Yielding Groundnut Varieties: The Sustainability of a Farmer-Led 
Multiplication-Dissemination Program in Eastern Uganda 
 
2.1 Introduction 
Groundnuts are a major crop in Uganda, ranking 11th in production and 6th for area 
harvested in 2013 and 2014 (FAOSTAT 2017). Comparison across African countries over the 
same time period places Uganda in the top third for total harvest and proportion of farmland 
allocated to groundnuts. However, pressure from disease and drought has resulted in low 
groundnut yields, and, under the yield category, Uganda is among the bottom third of African 
countries. To address this low productivity, Ugandan plant breeders have become well-known for 
the development of high-yielding varieties (HYVs) of groundnut that exhibit disease and drought 
resistance (Okello, Biruma, and Deom 2013). Furthermore, recent studies of smallholders in 
Uganda have demonstrated the benefits of adopting groundnut HYVs (Kassie, Shiferaw, and 
Muricho 2011; Moyo et al. 2007; Shiferaw et al. 2010; Tanellari et al. 2014), and how farmer 
networks can help to facilitate adoption (Thuo et al. 2014; 2013). This pattern of results begs the 
question: have efforts to promote HYVs led to increased adoption? 
To address this matter, the literature on seed adoption generally relies on two sources of 
data. The first consists of large representative surveys, e.g., the World Bank’s Living Standards 
Measurement Study—Integrated Surveys on Agriculture, that are used to evaluate trends in 
country-wide adoption (Bold et al. 2017; Sheahan and Barrett 2016; Fisher and Kandiwa 2014). 
The second type of data is collected to analyze outcomes from microstudies, which is the case in 
this article. These datasets are made up of one or more surveys to examine impacts from specific 
programs or policies that promote adoption, and data is collected during or very close to 
implementation, either immediately before and/or after the program or policy is enacted (Doss 
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2006). Due to concerns with attrition and contamination, data is often not collected over long 
periods of time. However, having a well-designed sample makes it possible to examine the longer-
term impact of projects, which is important but rarely found in the literature. In this study, therefore, 
we address this gap in the literature and offer a contribution by examining the sustainability of 
project impacts on adoption of HYVs. As a case study, our research focuses on a groundnut HYV 
multiplication and dissemination program conducted in eastern Uganda during the early 2000s 
(Tino, Laker-Ojok, and Namisi 2004). 
In the broader context, our work is motivated by the critical task of bringing about a 
smallholder productivity revolution in response to the impending challenges to global food security 
(Godfray et al. 2010). Rural communities throughout the world rely on smallholder farming as a 
primary source of food and fiber (World Bank 2007). The task of meeting the nutritional and 
financial needs of the household (HH) must be hard-won given the inherent risk associated with 
agricultural production. Within Sub-Saharan Africa (SSA), agricultural production is dominated by 
smallholder HHs that make up around 80% of farms (OECD/FAO 2016). Furthermore, this region 
faces significant persistent challenges from global climate change, e.g., drought and plant 
diseases (Field and Van Aalst 2014; Waithaka et al. 2013). As a recent contribution to the analysis 
of food insecurity, the development resilience framework encompasses mitigation strategies and 
supports the general conclusion from earlier studies that greater food security must be achieved 
through increased returns to farmers’ resources (Gladwin et al. 2001; Hanjra and Qureshi 2010; 
Upton, Cissé, and Barrett 2016). The framework states that an individual or HH is resilient if they 
are able to withstand shocks and stressors without falling into poverty (Barrett and Constas 2014). 
Correspondingly, agricultural productivity growth and off-farm employment are essential to 
reducing food insecurity in SSA via increased HH income and poverty reduction (Barrett 2010; 
Smith, El Obeid, and Jensen 2000; Smith, Alderman, and Aduayom 2006). At the same time, 
pressures placed on urban food systems remain due to increases in off-farm employment and 
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related urbanization (Pinstrup-Andersen 2000). Ultimately, a balanced path forward is needed as 
smallholders face a burden of uncertainty under mounting pressures (Barrett 2010). 
Experts have found that productivity per agricultural worker in SSA has increased by a 
factor of 1.6 over the last 30 years compared to 2.5 in Asia over the same period (OECD/FAO 
2016). This difference is attributed to greater reliance on area expansion and lagged development 
of region-specific HYVs in SSA relative to Asia, where intensification has dominated (Evenson 
and Gollin 2003). In lieu of global climate change concerns, sustainable intensification (SI) has 
become an increasingly important policy goal (Garnett et al. 2013; Pretty, Toulmin, and Williams 
2011). Thus, our study is motivated by the premise that projects to promote technology adoption 
and mitigation of risks associated with crop production are an effective means of support to 
smallholders and increase sustainability of local food systems. In SSA, these projects foster SI, 
moving away from historical reliance on area expansion. Moreover, there is evidence of an 
inverse relationship between farm or plot size and input use intensity associated with the adoption 
of modern inputs such as, machinery, chemicals, irrigation, and HYVs (Sheahan and Barrett 
2016). However, other evidence suggests that intensification across SSA countries has been 
weak compared to predictions from the literature (Binswanger-Mkhize and Savastano 2017). 
Often, development projects are designed to mitigate the primary constraints to 
technology adoption by increasing availability and reducing the cost of traditional and modern 
inputs, such as fertilizer and HYVs (Carter, Laajaj, and Yang 2014). Furthermore, HYVs have 
been targeted in many cases and empirical evidence reveals that the dissemination and adoption 
of HYVs increases productivity growth for staple crops among smallholders. It is also observed 
that these trends vary by region and crop (Maredia, Byerlee, and Pee 2000; O’Gorman and 
Pandey 2010; Sheahan and Barrett 2016). Thus, we explore the sustainability of adoption 
outcomes for a particular project that attempted to promote HYVs to small-scale groundnut 
producers in eastern Uganda. 
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The remainder of the paper is structured as follows: Section 2 provides a brief review of 
the literature on HYV adoption and groundnut production in Uganda, as well as a description of 
the project; next, Section 3 introduces the data, along with the methodological framework that is 
applied to examine program impact; Section 4 presents our findings; and the Section 5 offers final 
insights based on our findings. 
 
2.2 Background 
2.2.1 Seed Adoption Literature 
Stemming from breakthroughs in high yielding variety development by plant breeders and 
geneticists, early work on seed adoption focused on agro-ecological suitability, which followed 
from the epidemiological literature, where, given appropriate conditions, diffusion occurs naturally 
(Griliches 1957). However, follow-up studies suggest that even if agro-ecological conditions are 
suitable, the natural diffusion process is fraught by barriers that deter adoption (Feder, Just, and 
Zilberman 1985). More generally, the literature has demonstrated consistently that availability of 
new technologies must be complemented by sufficient outreach and education for adoption to 
occur, which often relies on pre-existing social networks (Besley and Case 1993; Foster and 
Rosenzweig 1995; Sunding and Zilberman 2001; Hoff and Stiglitz 2001; Conley and Udry 2010; 
Cunguara and Darnhofer 2011). Economic feasibility is also critical to adoption, and the 
theoretical underpinning is framed as a utility maximization problem where HH 𝑖 adopts if the 
expected utility from adoption (𝑈$%) is greater than non-adoption (𝑈$'), i.e., 𝑈$% 	− 	𝑈$' > 0 (Kassie, 
Shiferaw, and Muricho 2011). This seemingly straightforward condition becomes nuanced for 
smallholders given the various factors they face including: (1) input fixity; (2) portfolio selection; 
(3) safety first behavior; (4) liquidity constrains; and (5) farmer experimentation and learning 
(Smale, Just, and Leathers, 1994). As a result, land allocation to HYVs is rarely 100% among 
smallholders (Smale, Heisey, and Leathers, 1995). To promote adoption, governmental and non-
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governmental organizations work to make new technologies readily available, lowering the overall 
cost to poor HHs and eliminating bottlenecks, thereby easing key constraints to adoption 
(Langyintuo et al. 2010). This work often comes in the form of targeted development programs 
coupled with impact assessments to evaluate outcomes. 
Impact assessment of agricultural innovation is a growing body of research driven by 
significant public investment in the field (Maredia et al. 2014). The literature on HYV adoption, 
which has relied largely on micro-studies of programs, has several limitations that require further 
research (Doss 2006). One such limitation is the scant attention given to the sustainability and 
spillover effects of project outcomes, whereby project benefits are transferred from participants to 
non-participants as a function of physical proximity (neighbors) and social networks (Carter, 
Laajaj, and Yang 2014). Thus, more work is needed to examine the premise that short-term 
responses to treatment may differ from longer-term outcomes and that spillover effects may be 
significant. A well-known example from the development literature is the 2004 worms study in 
Kenya by Miguel and Kremer who found that the effectiveness of treatment diminished rapidly 
over time, while the effective spillover benefits to the untreated were also short-lived (Miguel and 
Kremer 2004). In their 2007 follow-up article, Miguel and Kremer consider the sustainability of 
development program outcomes and suggest that continual or recurring treatments are more 
cost-effective compared to one-time projects that assume sustained impact through diffusion of 
program benefits (Kremer and Miguel 2007). 
A 2014 paper by Carter et al. presents a theoretical model of sustainable adoption and 
examines whether one-time input subsidies result in an ongoing pattern of adoption for 
underutilized inputs (e.g., fertilizer and seeds) (Carter, Laajaj, and Yang 2014). Using adoption 
data for the two years following a one-time subsidy program for agricultural inputs in Mozambique, 
they find increased HH adoption rates for fertilizer that are sustained over the subsequent 
seasons, whereas HH adoption of HYVs did not change. To explain their finding for HYVs, the 
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authors infer that adoption by the target population prior to the program was already at near 
optimal levels. An alternative interpretation of this finding, following Miguel and Kremer (2007), is 
that one-time interventions may be ineffective compared to programs with recurring benefits. In 
particular, HYVs require updating with the release of new varieties better suited to the changing 
climate and adapted to emerging environmental and biological threats. The effectiveness of 
continuous treatment is exemplified through the extension approach that relies on the feedback 
loop between growers, researchers, and educators, which has been well documented (Evenson 
2001). 
It is important to highlight that certain crops, such as groundnuts, are open pollinated 
(about 99%) and seed saving is effective for up to 10 production cycles (i.e., 5 years assuming 2 
cropping seasons per year). Thus, after a few years we expect the vigor of the initial seeds to 
decline (due to inbreeding) necessitating replenishment of the genetically pure seed stock. These 
recommendations are often ignored and farmers save their seeds longer than recommended, 
thereby incurring yield losses due to inferior performance. For groundnuts, there is a 
recommended variety replacement period of 6–8 years post release. Therefore, it is common that 
new varieties are released with similar profiles but superior characteristics to the older variety 
being replaced, e.g., higher yields, more disease tolerance, and other desired attributes (Atlin, 
Cairns, and Das 2017)  . Yet, new variety adoption is subject to market availability and HH access 
to capital for seed purchases. Smallholder access to capital has received attention over recent 
years with several studies that examine the role of microcredit in agricultural development 
(Khandker and Koolwal 2016). 
The segment of the adoption literature that considers markets, farmer networks, and policy 
in relation to smallholder access to HYVs has also received significant attention. Generally, 
researchers examine formal and informal channels that determine whether or not seed reaches 
HHs (Tripp 2001). Commercial seed companies, operating through formal market channels, 
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increase access where demand is sufficient to generate profits (Tripp and Rohrbach 2001). In 
addition, scaling up production through regional harmonization of seed systems can boost the 
profitability of commercial seed companies (Rohrbach, Minde, and Howard 2003). Informal farmer 
seed networks provide a variety of benefits to smallholders and can also benefit from 
regionalization (Coomes et al. 2015). These informal channels offer a means of information 
sharing and provide a check against formal ones. An example is awareness of counterfeit seeds 
and other adulterated agricultural inputs, the presence of which is both exploitive and a 
disincentive to adoption, and has been identified as a growing problem (Joughin 2014b). In 
Uganda, concerns over counterfeit seed have led to quality assurances, e.g., Certified seed from 
commercial seed companies and Quality Declared Seed produced by famer groups, and to the 
development of a robust early generation seed system (Mastenbroek and Ntare 2016). Ultimately, 
broad-based engagement through formal and informal channels to promote access, availability, 
affordability, and adoption of high-quality HYVs among smallholders is essential given the clear 
benefits to food insecure HHs. HYVs can also counteract the adverse effects of increased 
environmental pressures from global climate change (Kansiime and Mastenbroek 2016; 
Mathenge, Smale, and Olwande 2014; Kassie, Shiferaw, and Muricho 2011). 
 
2.2.2 Groundnut in Uganda 
Crops expected to have a significant regional impact on increasing food security among 
the rural poor are often the target of development programs (Mugisa et al. 2015). Groundnut is a 
staple throughout SSA and has received attention because it provides a variety of nutritional 
benefits, and is a nitrogen fixing legume that can be used in crop rotations to improve soil quality. 
In Uganda, groundnut is a valuable crop that is primarily sold domestically in local markets and 
given a moderate yield it is highly profitable compared to other staple crops (Okello, Biruma, and 
Deom 2013). Groundnuts are sorted and graded by quality and are valued according to attributes 
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(e.g., color and size) to ensure faster sale in the market. In urban markets, the lowest quality 
groundnuts, including shriveled, cracked, and moldy ones, are usually crushed into products like 
flour and sauces, whereas in rural areas, this low-grade product is used for home consumption, 
animal feed, or is discarded.  
Following a peak in production during the early 1970s (251,000 tons on 291,800 hectares 
(ha)), Uganda experienced major declines in domestic groundnut output but has seen steady 
growth in more recent years, surpassing the 1970s highs for the first time in 2009 and peak 
domestic production in 2011 (357,000 tons on 409,000 ha) (Okello, Biruma, and Deom 2013; 
Tanellari et al. 2014). These increases are largely attributed to the uptake of alternative farming 
practices and HYVs (Mugisa et al. 2015; Shiferaw et al. 2010). It is estimated that groundnut 
producers in Uganda benefit significantly from HYVs, exhibiting average yield gains of 35% and 
average per unit cost reductions of around 40% (Kassie, Shiferaw, and Muricho 2011). Given 
research indicating yield losses from pests and disease, particularly the rosette virus, have 
exceeded losses from poor soil, drought, and inferior planting material, plant breeders have 
identified promising groundnut varieties that are high-yielding as well as disease and drought 
resistant (Bonabana-Wabbi, Taylor, and Kasenge 2006; Naidu et al. 1999; Okelo et al. 2015). 
The National Semi Arid Resources Research Institute (NaSARRI) in Soroti, which is part 
of Uganda’s National Agricultural Research Organization (NARO), has released a number of 
HYVs over recent years through collaborative efforts between domestic and international 
geneticists and plant breeders (Okello et al. 2016; Wilber et al. 2015; Deom et al. 2006). Yet, in 
2002, 90% of all crops in Uganda, including groundnuts, consisted of landrace varieties (LRVs) 
from home-saved seed, and by 2014, this share remained between 85% and 90% (Mwebaze 
2002; Joughin 2014a). These findings are not surprising given limited access, liquidity constraints, 
and the relatively high cost of purchased seeds, as well as concerns over the prevalence of counterfeit 
seeds (Kansiime 2014). 
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Valuable support from extension services to smallholders provided by the Uganda 
National Agricultural Advisory Services (NAADS), which lists groundnut as a major crop, helps to 
promote on-farm practices to enhance smallholder welfare, resulting in estimated gross 
agricultural revenue increases between 37% and 95% to participating HHs, and an internal rate 
of return on program investments ranging from 8% to 49% (Benin et al. 2011; 2007). On the other 
hand, the availability of these services is limited and attention is given to priority areas that are 
set based on need and expected impact on a regional basis. With significant gains to be made, 
NGOs frequently supplement state extension services, receiving public and private funds through 
grants to engage with smallholders (Anderson and Feder 2004; Maredia et al. 2014). One such 
organization is Appropriate Technology Uganda (ATU), which was established to enhance 
linkages between HHs in eastern Uganda and NaSARRI (http://www.nasarri.go.ug). 
 
2.2.3 The ATU Farmer-Led Multiplication and Dissemination Program 
The diagnostic results from a 1999 survey of farmers in eastern Uganda provided the 
basis and justification for the farmer-led Groundnut Seed multiplication and dissemination 
Program (GSP). The survey conducted by ATU revealed that groundnuts, despite their high 
profitability compared to other crops, were not being grown by poor farmers because of the risk 
associated with production (Tino, Laker-Ojok, and Namisi 2004). The use of HYV seeds can be 
a cost-effective and sustainable means to mitigate this risk, but a major hurdle to adoption is the 
relatively high cost of purchased seed (Moyo et al. 2007; Joughin 2014a). Lessons from previous 
ATU projects indicated that farmer-led seed multiplication is an effective means of promoting 
access to and utilization of HYVs and alternative farming practices. In addition, recent studies in 
Uganda have demonstrated the effectiveness of farmer networks in fostering technology 
innovation and the adoption of HYVs (Lamb et al. 2016; Thuo et al. 2013; 2014). 
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GSP was carried out from 2001 to 2004 with funding from the United Kingdom Department 
for International Development (Tino, Laker-Ojok, and Namisi 2004). The ATU organization 
provided access to HYVs and placed the process of collection, redistribution, and monitoring of 
multiplied seed in the hands of local leaders from participating farmer groups. These groups 
received seed stock for multiplication and distributed the materials to members (participants) as 
a seed loan. Repayment of the loan was due upon harvest in the form of returned groundnut seed 
in the amount provided at the beginning of the growing season. Figure 2.1 illustrates the various 
linkages between NaSARRI, ATU, and participating HHs during GSP. Outcomes were evaluated 
at the end of the project in 2004 via a HH survey, which are assessed and documented in the 
2004 ATU Final Technical Report (Tino, Laker-Ojok, and Namisi 2004). After 2004, any remaining 
HYV multiplication and dissemination efforts were effectively turned over to independent farmer 
groups. 
 
2.3 Materials and Methods 
2.3.1 Data 
The data used in this study comes from the 2004 survey mentioned above and a follow-
up survey of the same HHs done in 2014. Both surveys include the same general questions with 
added questions in the 2014 survey on groundnut seed varieties and land allocation to assess 
the nature of HYV adoption in greater detail. HHs included in the surveys produced groundnuts 
during the 2004 growing season and were located in eastern Uganda. At the outset of the GSP, 
project locations in eastern Uganda were selected randomly to avoid placement bias. 
Uganda is divided into 112 districts and each district is subdivided into 1 to 5 counties for 
a total of 181 counties, which are then split into 1382 sub-counties. Sub-counties are divided into 
parishes that are made up of a group of villages with many HHs (Rwabwogo 2007). The project 
was located (LOC) in 8 districts in eastern Uganda, within a randomly selected sub-county in each 
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of the districts (Table 2.1). A participating and a non-participating parish were randomly chosen 
within each of the 8 sub-counties. In each parish, groundnut producing HHs were identified. In 
participating parishes, HHs were separated by category into either participants (farmer group 
members) or non-participant neighbors. The GSP participant group (BEN) consists of 30 HHs per 
participating parish, with 10 HHs randomly selected from 3 farmer groups, for a total of 240 BEN 
HHs. The GSP control group (C_ALL) is composed of two sub-groups: (1) Neighbors (C_IN), 
consisting of 15 HHs per participating parish, with 5 HHs randomly selected for each of the 3 
farmer groups from the list of eligible groundnut producing neighbors, for a total of 120 C_IN HHs; 
and (2) Non-neighbors (C_OUT), consisting of 15 HHs randomly selected from each non-
participating parish, for a total of 120 C_OUT HHs. The full sample includes 480 HHs; 240 BEN 
and 240 C_ALL divided into 120 C_IN and 120 C_OUT. 
The 2014 survey report from the ATU organization describes attrition in the sample 
between the 2004 and 2014 surveys. It shows that 87% of respondents participated in both rounds 
of the survey, members of the same HHs were surveyed in 96% of cases, with only 4.2% of the 
2014 sample consisting of randomly selected replacement HHs. We also consider another form 
of attrition related to groundnut production keeping in mind that for HHs to be eligible for the 2004 
survey they had to grow groundnuts. In 2014, 78% of HHs in the sample still grew groundnuts, 
which ranged from 71% for C_IN to 82% for C_OUT (Table 2.2). These rates vary significantly by 
HH location with LOC_6, LOC_8, and LOC_4, experiencing the greatest declines in groundnut 
producing HHs respectively, and this attrition is consistent across beneficiary and control groups. 
Based on information from local experts, these patterns reflect shifts in specialization over time 
towards other crops particularly maize. 
Variables are defined in Table 2.1. Table 2.2 contains summary statistics for HH 
demographic variables for the full sample (N = 480) and these are consistent with the statistics 
for the sub-sample of groundnut producers (N = 374). Table 2.3 summarizes groundnut 
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production. Demographic characteristics between participant and control groups are not found to 
be statistically significant, with few exceptions, e.g., AREA and AGE for BEN versus C_IN (Table 
2.2). Among groundnut producing HHs in 2013 season A, 63% grew HYVs, with 70% BEN, 64% 
C_IN, and 50% C_OUT (Table 2.3). On average, 21% of the land cultivated (0.32 ha) is allocated 
to groundnuts (G_AREA), and 52% of this area to HYVs (Table 2.3). Different rates (%) across 
farmer groups are attributed to project participation with the highest rate for BEN (97%) and lowest 
for C_IN (22%) followed by C_OUT (34%) (Table 2.3). With respect to production, 91% of 
producers grew groundnut as a cash crop and 49% utilized home saved seed. In 2013 season A, 
the average HH planted a total of 24.8 kg, harvested a total 166 kg, and achieved a yield of 97.3 
kg/ha (Table 2.3). 
The Pooled average yield for LRVs and HYVs are 114.0 kg/ha and 86.2 kg/ha, 
respectively (Table 2.3). The BEN and C_IN groups achieve similar yields for LRVs, while BEN 
produces significantly greater yields for HYVs (Table 2.3). Average yields for the two most 
commonly grown varieties, Red Beauty (LRV_1) and Serenut 2 (HYV_2), are 133.7 kg/ha and 
77.8 kg/ha, respectively (Table 2.3). We find that yield for Serenut 2 is statistically higher for BEN 
compared to C_IN and C_OUT, at the 5% and 1% levels respectively (statistical differences are 
determined using 2-sided t-test for differences in means). Home saved seed is used as planting 
material by 41% and 53% of HHs for LRVs and HYVs, respectively (Table 2.3). According to the 
most common varieties, home saved seed is used by 34% for Red Beauty and 53% for Serenut 
2 (Table 2.3). Furthermore, reliance on home saved seed can help to explain the relatively low 
yields reported for HYVs compared to LRVs (Doss 2006). 
 
2.3.2 Methodological Framework 
The data from the 2014 survey is considerably richer than the data from 2004, so we use 
the former and a cross-sectional approach to estimate the models that follow. Controlling for 
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various exogenous factors, we assume that the association between adoption and program 
participation provides a good estimate of the impact of GSP. First, the effect of the program is 
evaluated via the following model (𝑖) estimated with ordinary least squares (OLS): 𝐴𝐷𝑂𝑃𝑇 = 𝛼$ + 𝛾𝐵𝐸𝑁 + 𝛿𝐶:; + 𝛽$𝑥 + 𝜇$																																																																																																														(𝑖) 
where ADOPT, measured as the share (%) of groundnut area allocated to HYVs, is regressed on 
BEN and C_IN (C_OUT is the excluded category) and a vector of covariates (𝑥) of HH 
characteristics (GRESP, HH_SIZE, LOC, AGE, GHHH, EDU, M_STAT, and AREA). All of these 
variables are defined in Table 2.1. 
Model (𝑖𝑖) is a variant of model (𝑖), where ADOPT is regressed on HH location in a Project 
Village (𝑃𝑉): 𝐴𝐷𝑂𝑃𝑇 = 𝛼$$ + 𝜋𝑃𝑉 + 𝛽$$𝑥 + 𝜇$$																																																																																																																										(𝑖𝑖) 
where PV = 1 for both BEN and C_IN, and PV = 0 for C_OUT (the excluded category). 
The specifications of the models above (unrestricted) are re-estimated excluding the 
vector of covariates (restricted). These two specifications are contrasted and the preferred model 
is selected based on F-test results. The terms α, β, and μ (error term), are parameters to be 
estimated. In model (𝑖), γ measures the impact on participant HHs and 𝛿 on non-participant 
neighbors. In model	(𝑖𝑖), 𝜋 measures the impact of GSP on all HHs from project villages. 
The dependent variable, percentage of groundnut area allocated to HYVs (ADOPT), 
ranges from 0 to 1 in models (𝑖) and (𝑖𝑖). Statistical models used historically to estimate this type 
of fractional outcome variable with boundary observations, typically the two-limit tobit, face 
conceptual challenges and have been shown to result in biased estimates (Ramalho, Ramalho, 
and Murteira 2011). In this context, fractional regression methods have been proposed and 
implemented, and have gained support as a means to handle bias from model misspecification 
(Papke and Wooldridge 1996). Alternative fractional regression (FR) estimation methods include 
nonlinear least squares (NLS), quasi-maximum likelihood (QML), and beta-based maximum 
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likelihood (ML). Alternative specifications of the functional form of the conditional mean, E(𝑦|𝑥), 
include the cauchit, logit, probit, loglog, and cloglog specifications (Ramalho, Ramalho, and 
Murteira 2011). Given these options it is important to select a model that is best suited for the 
data under analysis. One approach is to apply likelihood tests to determine the goodness of fit for 
the alternative models (Ramalho, Ramalho, and Murteira 2011). For our analysis, the QML 
estimation method is selected along with the probit specification because this configuration has 
some distinct advantages outlined by Papke and Wooldridge (2008). 
Another issue in impact evaluation work that we need to contend with when using cross 
sectional data concerns biases from observable and unobservable variables. To mitigate such 
biases, the ideal is to observe a group at a given point in time in both the treated and untreated 
states. Clearly this is not possible; thus, it is necessary to create a counterfactual in order to 
attribute any changes in the indicator of interest to the intervention  (Imbens and Wooldridge 
2009). The standard means to generate a robust counterfactual is for the researcher to randomly 
allocate a sample of individuals from the study population into treated and control groups. 
However, randomization is often difficult in the social sciences, and researchers must resort to 
quasi-experimental study design alternatives (Ravallion 2007; Deaton 2010; Duflo, Glennerster, 
and Kremer 2008). Propensity Score Matching (PSM) is widely-used to handle biases from 
observables, while Instrumental Variables regression (IV) can mitigate biases from both observables 
and unobservables (Khandker, Koolwal, and Samad 2009). 
PSM uses observable characteristics of individuals in the sample to generate a control 
group that is as similar to the treated group as possible except for intervention status (Rosenbaum 
and Rubin 1983). Two conditions must be met for PSM estimation: (1) observable characteristics 
must be independent of project outcomes, i.e., conditional independence; and (2) there needs to 
be overlap in the distributions of observable characteristics between treated and untreated, i.e., 
common support (Winters, Salazar, and Maffioli 2010). PSM begins by regressing treatment 
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status (1 for treated and 0 for controls) on a vector of observable characteristics to generate 
propensity scores (Hirano, Imbens, and Ridder 2003). This first step is usually done via probit or 
logit estimation (Guo and Fraser 2015). The propensity scores are then used to match treated 
and control observations. Alternative matching methods include nearest neighbor (with or without 
replacement), kernel, caliper, and radius (Bravo-Ureta et al. 2011; Sanglestsawai, Rejesus, and 
Yorobe 2015). Next, balance is examined by comparing the means of the matching variables 
between treated and control groups. The Average Treatment Effect on the Treated (ATET) is then 
calculated from the mean differences between the two matched groups (Abadie and Imbens 2016; 
2006). 
The robustness of ATET estimates to bias from unobservables is examined under the 
Rosenbaum Bounds Delta (Г) framework (DiPrete and Gangl 2004; Kassie, Shiferaw, and 
Muricho 2011; Sanglestsawai, Rejesus, and Yorobe 2015). The framework relies on the 
assumption of a confounding variable W that affects the likelihood of being treated. Confidence 
intervals (bounds) are calculated at incremental values for the effect of W on the likelihood of 
assignment to the treatment group. Thus, Г is interpreted as the odds that unobservables affecting 
treatment status significantly bias the predicted ATET (DiPrete and Gangl 2004). Furthermore, 
this framework is complimentary to the IV approach explained below because it relies on 
alternative assumptions to account for unobservables in the estimation procedure (DiPrete and 
Gangl 2004). 
Five alternative PSM models are the basis to explore spillover effects from the GSP. These 
models incorporate the same covariates (HH_SIZE, LOC, AGE, GHHH, EDU, M_STAT, AREA) 
to generate propensity scores, and the matching algorithm selected is the nearest neighbor 
criterion with replacement. In the first matching estimation PSM(1), we compare BEN with the full 
control group C_ALL. We expect that spillover effects from the program to C_IN will result in 
downward bias of impacts in this first PSM specification. PSM(2), matches PV HHs with C_OUT, 
  27 
which serves as a pure control and we expect no spillover in this case. In PSM(3), BEN is matched 
with C_OUT, and this is the specification selected to determine the impact of GSP on the treated. 
PSM(4) and PSM(5) evaluate the magnitude of spillover by matching C_IN with C_OUT, and BEN 
with C_IN, respectively. 
Before moving to results, it is important to consider another source of bias, which arises 
from the potential endogeneity of project participation. To address this issue we utilize 
instrumental variable regression (IV) that can mitigate biases from both observables and 
unobservables (Angrist, Imbens, and Rubin 1996). Estimation with IV requires a suitable 
instrument (z) that must satisfy two important conditions: (1) it must be correlated with the 
regressor participation; and (2) it must be independent of the error term (Caliendo and Kopeinig 
2008). A particular instrument that has been used in this context is the Intention To Treat (ITT), 
which is taken from the experimental medical literature (Duflo, Glennerster, and Kremer 2008; 
Cavatassi et al. 2011; De los Santos Montero and Bravo-Ureta 2017). Thus, ITT = 1 for eligible 
members of the sample regardless of participation (𝐵𝐸𝑁) and 0 for non-eligible ones. In this case, 
ITT is a function of HH location in project villages, thus ITT = 1 if PV = 1. 
IV regression is based on a two-step estimation approach (Angrist 2001). In the first step, 
denoted in equation (𝑖𝑖𝑖), OLS is used to estimate participation as a function of ITT (𝑃𝑉) and 𝑥 to 
get predicted participation (𝐵𝐸𝑁D): 𝐵𝐸𝑁 = 𝛼$$$ + 𝜌𝑃𝑉 + 𝛽$$$𝑥 + 𝜇$$$																																																																																																																											(𝑖𝑖𝑖) 
In the second step, a model is estimated where the predicted value of participation (𝐵𝐸𝑁D) from 
the first step is used as a regressor. In this study, the second step model (𝑖𝑣) is estimated using 
both OLS and FR, and the OLS version is denoted as follows: 𝐴𝐷𝑂𝑃𝑇 = 𝛼$G + 𝜏𝐵𝐸𝑁D +𝛽$G𝑥 + 𝜇$G																																																																																																																				(𝑖𝑣) 
Post estimation results are used to determine the strength of the instrument and in cases where 
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a single instrument is used for estimation the general rule of thumb is an F-test result greater than 
10 (Cavatassi et al. 2011; Khandker, Koolwal, and Samad 2009). 
 
2.4 Results 
The first set of estimations are presented in Table 2.4 for models (𝑖) and (𝑖𝑖). A total of 
eight models are estimated according to the alternative specifications, which include restricted (1, 
3, 5, 7) and unrestricted (2, 4, 6, 8) versions of models (𝑖) (1, 2, 5, 6) and (𝑖𝑖) (3, 4, 7, 8) estimated 
via OLS (1, 2, 3, 4) and FR (5, 6, 7, 8) (Table 2.4). We find the results are consistent across 
specifications and indicate a positive and significant impact of GSP on the adoption of HYVs by 
the BEN and C_IN groups relative to the pure controls denoted by C_OUT. Selection of a 
preferred model is based on various criteria. F-test results indicate that unrestricted versions are 
preferred to restricted ones. Model (𝑖) is selected over model (𝑖𝑖) because it includes more 
information by estimating impact for BEN and C_IN rather than pooling these into a single PV 
group. Furthermore, we infer that the similarity in results from models (𝑖) and (𝑖𝑖) is driven by 
spillover (Table 2.4). Finally, because the outcome indicator (ADOPT) is fractional in nature, i.e., 
%, FR is preferred to OLS. Thus, (6) is selected for further discussion, i.e., the unrestricted version 
of Model (𝑖) estimated via FR (Table 2.4). 
We find that adoption of HYVs relative to C_OUT is +13.8% and +13.9% for BEN and 
C_IN respectively under (6), and the associated parameters are statistically significant at the 1% 
level (Table 2.4). The difference in C_IN compared to C_OUT is largely attributed to spillover 
effects from GSP. Covariate estimates indicate significant differences in adoption rates based on 
village location (LOC), which has been verified by local experts. Educational attainment of the 
household head (HHH) is observed to be significant at the 10% level under the unrestricted OLS 
models (2 and 4) but is not found to be the case for (6). 
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The estimates for the five Probit models used to examine spillover effects are included in 
Table 2.5, Figure 2.2 illustrates the kernel distribution of the propensity scores before and after 
matching, and corresponding ATET and robustness results are provided in Table 2.6. The probit 
results indicate that AGE (PSM 1, 3, 5) and AREA (PSM 2, 3, 4) are statistically significant to the 
estimation of propensity scores (Table 2.5). Figure 2.2 illustrates successful matching for PSM(3) 
with the kernel distribution in the left panel for the unmatched sample, showing the common 
support condition is met, and in the right panel for the matched sample with virtually complete 
overlap after matching. PSM(3) results are highlighted because they estimate the direct impact of 
GSP on adoption, revealing a +21.3% ATET with respect to HYV adoption, which is significant at 
the 1% level (Table 2.6). A Rosenbaum Bounds Delta (Г) of 3.65 is within the acceptable range 
suggested by previous studies (Kassie, Shiferaw, and Muricho 2011; Sanglestsawai, Rejesus, 
and Yorobe 2015) and indicates that these results are robust to the possible influence of 
unobservables (Table 2.6). PSM(4) confirms the presence of spillover with a +14.5% difference 
between C_IN and C_OUT that is statistically significant at the 5% level. In addition, PSM(5) 
indicates that the difference between BEN and C_IN is very small and not statistically significant, 
which we interpret as nearly complete spillover of HYV adoption to neighbors a decade after GSP. 
IV regression results are presented in Table 2.7 and indicate that GSP impact is greater 
than initial estimates from alternative specifications of models (𝑖) and (𝑖𝑖), when we control for 
bias from unobservables. The F-test statistic from IV(1) first stage post-estimation of 13.4 
indicates that ITT is a strong instrument (Table 2.7). Second stage IV estimates for GSP outcomes 
differ slightly between OLS (IV(2a)) and FR (IV(2b)) models with mean impact on HYV adoption 
of +21.1% and +22.3%, respectively, both of which are significant at the 1% level (Table 2.7). 
These results are consistent with the PSM(3) ATET estimate of +21.3% (Table 2.6). This 
consistency in results from alternative methodologies, i.e., PSM and IV, is evidence that our 
findings are robust and we can say with confidence that after a decade GSP had a +21% impact 
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on HYV adoption relative to control HHs. Furthermore, this translates to an average of nearly 60% 
of groundnut area allocated to HYVs among GSP participants. 
 
2.5 Discussion 
This work complements a number of recent studies of groundnut producers in Uganda by 
considering the sustainability of GSP outcomes regarding adoption of HYVs over a period of 10 
years following the end of the intervention (Kassie, Shiferaw, and Muricho 2011; Okello et al. 
2015; Shiferaw et al. 2010; Thuo et al. 2014; 2013). Our analysis of sustainability is two-fold: (1) 
lasting impact on adoption levels among participants; and (2) diffusion of adoption to neighboring 
HHs beyond the direct scope of the project via spillover effects. We find a consistent +21% 
difference in HYV adoption levels between HHs that participated in the program and those that 
did not, after controlling for bias from observables and unobservables. Spillover effects are 
revealed by differences in adoption outcomes between participants, a control group composed of 
neighbors, and another control group consisting of farmers from non-participating villages. 
Spillover effects are worthwhile to consider when designing future programs as a 
beneficial approach to the dissemination of program benefits, and additional research is needed 
to examine the practicality and cost-effectiveness of this mechanism. Ultimately, extension-based 
efforts are essential to facilitate adoption and to link research and development (R&D) with 
growers via the continuous exchange of information among key stakeholders. Based on an earlier 
report, the ATU program functioned as a primary link between stakeholders and resulted in HYV 
uptake during the GSP period (Tino, Laker-Ojok, and Namisi 2004). We find that adoption 
increased primarily for a single variety (Serenut 2), which remains popular because of seed saving 
practices. We infer that once GSP ended, adoption stagnated and newer varieties have been 
largely ignored by farmers because of limited availability in the markets and access to capital to 
purchase seed. A decade later, yields for HYVs are low compared to results from recent 
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experimental trials, which is likely due to limited access to quality seed and saving beyond the 
recommended number of growing seasons. 
Approaches to enhance food security and create resilient food systems are multifarious 
and rely on insights from a diverse set of stakeholders. The complexity of achieving sustainable 
food systems has become more evident as we contend with an increasingly global society, 
particularly in SSA where long-standing challenges persist (Barrett, Carter, and Timmer 2010). 
Moreover, sustainable development initiatives are critical to achieve long-term development goals 
(Kremer and Miguel 2007). We find that among the many studies that have examined HYV 
adoption, limited attention has been given to the long view. Therefore, our study offers a novel 
contribution to the literature by considering the legacy of project impacts to smallholders. 
Our primary goal in conducting this analysis was to examine whether or not adoption of 
HYVs increased among GSP participants and their neighbors; we then consider the following 
extensions to our main research question; were appropriate complimentary practices to adoption 
used in order to ensure that higher yields were achieved over time and did the project result in 
greater food security through higher yields, and by extension increased HH income. We found 
that adoption did increase; furthermore, yields were highest among beneficiaries (by variety), 
indicating successful adoption of complementary growing practices and by extension increases 
in HH food supply; however, over the period following GSP, yield declined for the predominant 
HYV variety (Serenut 2). This unexpected result was partly due to the fact that additional 
knowledge of recommended seed acquisition practices was not effectively delivered to 
participants during training; consequently, farmers saved seeds for multiple seasons leading to 
loss of parent genetics. We thus infer that had GSP effectively demonstrated the importance of 
the cycles of adoption and the appropriate seed saving practices, yields would have been greater 
over the long-term, resulting in sustainable increases in food security among participants. To sum 
up, GSP was effective at increasing adoption, but only resulted in short-term increases in yields. 
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Future research should address appropriate training programs needed to achieve long lasting 
results. 
We see the potential for adoption to be successful over long periods of time, and look 
forward to results of research that builds on these findings to include training on seed saving 
practices in future projects so that these HHs can benefit from higher yield and a sustainable 
increase in food security. Important research extensions include access to capital for seed 
purchases, e.g., microcredit, and availability of genetically pure seeds. 
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Tables and Figures 
 
Table 2.1 List of Variables and Definitions by Category 
Variable Definition 
Outcome Indicator 
ADOPT Groundnut land allocation to HYVs (%) 
Participation 
BEN Participant (1 = yes, 0 = no) 
C_IN Control neighbor (1 = yes, 0 = no) 
C_OUT Control non-neighbor (1 = yes, 0 = no) 
PV Project village (1 = yes, 0 = no) 
Demographic Characteristics 
GRESP Gender of respondent (1 = male, 0 = female) 
HH_SIZE Total HH members (#) 
LOC_i 
Location: Sub-county, District  
(1 = Nyero, Kumi; 2 = Kidongole, Bukedea; 3 = Kasodo, Pallisa;  
4 = Lyama, Budaka; 5 = Kachonga, Butaleja; 6 = Nagongera, Tororo;  
7 = Butiru, Manafwa; and 8 = Bukhalu, Sironko) 
AGE Age household head (HHH) (years) 
GHHH Gender HHH (1 = male, 0 = female) 
EDU Schooling HHH (1 = none, 2 = primary, 3 = secondary, 4 = tertiary) 
M_STAT Married HHH (1 = yes, 0 = no) 
Agricultural Production 
AREA Total area cultivated (ha) 
MEM Member of a farm group (1 = yes, 0 = no) 
GROW Grew groundnuts 2013 Season A (1 = yes, 0 = no) 
SAVE Groundnuts grown from home saved seed (1 = yes, 0 = no) 
G_CASH Groundnuts grown as cash crop (1 = yes, 0 = no) 
G_AREA Area allocated to groundnuts (ha) 
G_PROP Proportion farmland in groundnut production (%) 
COST Cost of groundnut seed (per kg) 2013 season A (USD *) 
SEED Quantity of groundnut seed planted 2013 season A (kg) 
HARV Quantity groundnut (unshelled) harvested 2013 season A (kg) 
YIELD Yield groundnuts (unshelled) 2013 season A (kg/ha) 
Groundnut Varieties 
LRV Land race varieties (1 = Red Beauty^; 2 = Igola 1^; 3 = Erudurudu Red; 4 = Etesot; 5 = Magwere; 6 = Kitambi) 
HYV High yielding varieties (1 = Serenut1; 2 = Serenut2; 3 = Serenut3; 4 = Serenut4; 5 = Serenut5; 6 = Serenut6) 
Note: * Ugandan Shillings (USh) converted to USD using 12/31/2013 exchange rate of 2525 
USh/USD. ^ Varieties reclassified as LRVs, originally released as HYVs. 
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Table 2.2 HH Demographics for Different Farmer Groups in Eastern Uganda 
 Pooled BEN C_ALL C_IN C_OUT 
GRESP 0.48 0.39 0.57 0.50 0.62 (0.501) (0.488) (0.495) (0.501) (0.486) 
HH_SIZE 8.47 8.24 8.70 8.35 9.05 (3.99) (3.98) (4.00) (4.18) (3.79) 
AGE 51.4 53.2 49.6 49.9 49.3 (12.9) (12.9) (12.7) (14.0) (11.3) 
GHHH 0.79 0.79 0.79 0.81 0.78 (0.407) (0.407) (0.407) (0.395) (0.419) 
EDU_1 0.14 0.15 0.12 0.12 0.12 (0.343) (0.358) (0.327) (0.332) (0.322) 
EDU_2 0.56 0.53 0.59 0.64 0.54 (0.497) (0.500) (0.493) (0.481) (0.500) 
EDU_3 0.21 0.20 0.22 0.17 0.27 (0.410) (0.404) (0.416) (0.382) (0.444) 
EDU_4 0.09 0.11 0.07 0.06 0.07 (0.286) (0.317) (0.250) (0.235) (0.264) 
M_STAT 0.82 0.80 0.85 0.83 0.87 (0.382) (0.404) (0.358) (0.374) (0.341) 
AREA 1.64 1.60 1.68 1.48 1.89 (1.05) (1.01) (1.09) (0.88) (1.24) 
MEM 0.61 0.97 0.25 0.19 0.30 (0.489) (0.180) (0.431) (0.395) (0.460) 
GROW 0.78 0.80 0.76 0.71 0.82 (0.415) (0.404) (0.426) (0.456) (0.389) 
n 480 240 240 120 120 
Note: mean coefficients; standard deviation (sd) in parentheses. 
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Table 2.3 Production for Groundnut Growers in 2013 Season A 
  Pooled BEN C_ALL C_IN C_OUT 
ADOPT  0.52 0.56 0.48 0.56 0.40  (0.452) (0.439) (0.463) (0.463) (0.452) 
AREA  1.77 1.71 1.84 1.62 2.02  (1.07) (1.04) (1.11) (0.85) (1.27) 
MEM  0.64 0.97 0.28 0.22 0.34  (0.482) (0.160) (0.452) (0.419) (0.475) 
GROW_HYV  0.63 0.70 0.57 0.64 0.50  (0.483) (0.461) (0.497) (0.482) (0.503) 
SAVE  0.49 0.55 0.42 0.40 0.44  (0.501) (0.498) (0.495) (0.493) (0.499) 
G_CASH  0.91 0.91 0.92 0.95 0.89  (0.284) (0.293) (0.275) (0.213) (0.317) 
G_AREA  0.32 0.34 0.30 0.28 0.32  (0.378) (0.457) (0.271) (0.242) (0.294) 
G_PROP  0.21 0.24 0.18 0.17 0.18  (0.304) (0.405) (0.128) (0.123) (0.132) 
COST  1.002 1.001 1.003 0.946 1.052  (1.060) (1.081) (1.041) (1.023) (1.060) 
SEED  24.8 26.0 23.5 22.0 24.7  (35.0) (44.4) (21.3) (19.3) (22.8) 
HARV  166 170 162 166 160  (226) (240) (210) (238) (183) 
YIELD  97.3 102.4 92.0 92.6 91.4  (90.3) (97.7) (82.0) (78.9) (85.0) 
n  374 191 183 85 98 
YIELD_LRV  114.0 116.2 111.9 119.2 107.0  (94.2) (98.2) (90.5) (87.5) (92.7) 
n  218 108 108 44 110 
YIELD_LRV_1  133.7 135.5 131.9 139.9 124.1  (100.7) (98.9) (103.2) (95.4) (111.3) 
n  125 62 62 31 63 
YIELD_HYV  86.2 95.4 74.5 77.6 71.1  (87.9) (97.6) (72.4) (77.7) (66.7) 
n  236 133 133 54 103 
YIELD_HYV_2  77.8 84.5 69.5 66.5 72.6  (75.9) (85.3) (61.6) (56.1) (67.4) 
n  219 121 98 51 47 
Note: mean coefficients; sd in parentheses. 
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Table 2.4 Regression Results: Adoption of HYV Groundnuts. 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 (𝒊)OLSR (𝒊)OLSU (𝒊𝒊)OLSR (𝒊𝒊)OLSU (𝒊)FRR+ (𝒊)FRU+ (𝒊𝒊)FRR+ (𝒊𝒊)FRU+ 
BEN 0.157 *** 0.141 ***   0.156 *** 0.138 ***   (0.056) (0.045)   (0.054) (0.044)   
C_IN 0.158 ** 0.137 ***   0.157 ** 0.139 ***   (0.066) (0.052)   (0.066) (0.051)   
PV   0.158 *** 0.140***   0.156 *** 0.138 ***   (0.053) (0.042)   (0.052) (0.042) 
GRESP  0.0441  0.043  0.0510  0.0511  (0.043)  (0.043)  (0.041)  (0.041) 
HH_SIZE  −0.005  −0.005  −0.006  −0.006  (0.005)  (0.005)  (0.005)  (0.005) 
LOC_1  0.728 ***  0.728 ***  0.648 ***  0.648 ***  (0.077)  (0.077)  (0.067)  (0.067) 
LOC_2  0.430 ***  0.431 ***  0.380 ***  0.380 ***  (0.080)  (0.080)  (0.072)  (0.072) 
LOC_3  0.718 ***  0.718 ***  0.632 ***  0.632 ***  (0.078)  (0.078)  (0.069)  (0.069) 
LOC_4  0.230 **  0.230 ***  0.237 ***  0.237 ***  (0.084)  (0.084)  (0.080)  (0.080) 
LOC_5  −0.0611  −0.0611  −0.0516  −0.0516  (0.080)  (0.080)  (0.081)  (0.081) 
LOC_6  0.491 ***  0.491 ***  0.428 ***  0.428 ***  (0.098)  (0.098)  (0.091)  (0.091) 
LOC_7  0.321 ***  0.322 ***  0.297 ***  0.297 ***  (0.079)  (0.079)  (0.072)  (0.072) 
AGE  0.0008  0.0008  0.0007  0.0007  (0.001)  (0.001)  (0.001)  (0.001) 
GHHH  0.0631  0.0634  0.0645  0.0644  (0.068)  (0.068)  (0.070)  (0.070) 
EDU_1  −0.141 *  −0.141 *  −0.126  −0.126  (0.083)  (0.083)  (0.088)  (0.088) 
EDU_2  −0.071  −0.071  −0.060  −0.060  (0.066)  (0.065)  (0.071)  (0.071) 
EDU_3  −0.128 *  −0.128*  −0.118  −0.118  (0.071)  (0.071)  (0.075)  (0.075) 
M_STAT  0.022  0.0221  0.0085  0.0085  (0.068)  (0.068)  (0.072)  (0.072) 
AREA  −0.004  −0.004  −0.002  −0.002  (0.019)  (0.019)  (0.018)  (0.018) 
CONST 0.405 *** 0.052 0.405 *** 0.0516     (0.045) (0.126) (0.045) (0.126)     
R2 0.024 0.445 0.024 0.445     
F 4.475 15.82 8.974 16.80     
Note: standard errors (se) in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01; R restricted, U 
unrestricted; + calculated average marginal effects, and se obtained by delta method; n=374. 
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Table 2.5 Propensity Score Matching: Probit Regression Results. 
 PSM(1) PSM(2) PSM(3) PSM(4) PSM(5) 
 BEN/C_ALL PV/C_OUT BEN/C_OUT C_IN/C_OUT BEN/C_IN 
HH_SIZE −0.014 −0.004 −0.001 0.005 −0.018 (0.019) (0.021) (0.024) (0.028) (0.022) 
LOC_1 0.187 0.157 0.291 0.057 0.068 (0.286) (0.304) (0.342) (0.404) (0.343) 
LOC_2 0.387 0.287 0.477 0.057 0.264 (0.296) (0.317) (0.353) (0.423) (0.356) 
LOC_3 0.147 0.036 0.176 −0.101 0.117 (0.288) (0.306) (0.341) (0.415) (0.348) 
LOC_4 0.131 −0.205 0.020 −0.514 0.380 (0.313) (0.326) (0.358) (0.463) (0.406) 
LOC_5 0.216 0.245 0.367 0.213 0.028 (0.295) (0.315) (0.353) (0.424) (0.351) 
LOC_6 0.264 0.165 0.353 0.005 0.190 (0.360) (0.395) (0.436) (0.542) (0.428) 
LOC_7 0.309 0.206 0.437 −0.014 0.203 (0.290) (0.312) (0.351) (0.420) (0.348) 
AGE 0.015 *** 0.009 0.016 ** −0.002 0.014 ** (0.005) (0.006) (0.007) (0.008) (0.006) 
GHHH 0.0851 0.219 0.175 0.187 0.006 (0.235) (0.254) (0.291) (0.331) (0.285) 
EDU_1 −0.316 −0.439 −0.508 −0.451 0.014 (0.306) (0.343) (0.374) (0.478) (0.379) 
EDU_2 −0.335 −0.295 −0.402 −0.207 −0.209 (0.242) (0.275) (0.293) (0.386) (0.293) 
EDU_3 −0.321 −0.465 −0.531
* −0.531 −0.059 
(0.262) (0.292) (0.311) (0.417) (0.321) 
M_STAT −0.238 −0.346 −0.401 −0.241 −0.113 (0.253) (0.286) (0.314) (0.383) (0.304) 
AREA −0.063 −0.171 ** −0.159 ** −0.240 ** 0.091 (0.028) (0.029) (0.032) (0.046) (0.039) 
CONSTANT −0.266 0.847 * 0.221 0.759 −0.130 (0.447) (0.497) (0.555) (0.672) (0.531) 
n 374 374 289 183 276 
Note: * p < 0.10, ** p < 0.05, *** p < 0.01; se in parentheses. 
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Table 2.6 Average Treatment Effect on the Treated and Rosenbaum Bounds Estimates 
 PSM(1) PSM(2) PSM(3) PSM(4) PSM(5) 
 BEN/C_ALL PV/C_OUT BEN/C_OUT C_IN/C_OUT BEN/C_IN/ 
ATET 0.051 0.037 0.213 *** 0.145 ** −0.025 
(0.056) (0.061) (0.072) (0.065) (0.063) 
Rosenbaum 
Bounds Delta (Г) 1.90 
+ 1.85 + 3.65 + 3.55 + 1.75 − 
Note: ** p < 0.05, *** p < 0.01; se in parentheses; Rosenbaum bounds delta significance level,  
p < 0.01: + upper bound, − lower bound. 
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Table 2.7 Instrumental Variables Regression: Intention to Treat (ITT). 
 IV(1) IV(2a) IV(2b) 
 (iii) 1st Stage (iv) 2nd Stage: OLS (iv) 2nd Stage: FR + 
PV 0.656 ***   
 (0.0489)   
BEN  0.213 *** 0.211 *** 
  (0.066) (0.063) 
GRESP −0.138 ** 0.073 0.080 * 
 (0.049) (0.047) (0.045) 
HH_SIZE −0.004 −0.005 −0.005 
 (0.006) (0.005) (0.005) 
LOC_1 0.013 0.725 *** 0.645 *** 
 (0.089) (0.080) (0.067) 
LOC_2 0.098 0.410 *** 0.359 *** 
 (0.092) (0.083) (0.073) 
LOC_3 0.026 0.713 *** 0.626 *** 
 (0.090) (0.081) (0.069) 
LOC_4 0.079 0.213 ** 0.220 *** 
 (0.097) (0.087) (0.079) 
LOC_5 0.010 −0.063 −0.054 
 (0.091) (0.082) (0.081) 
LOC_6 0.038 0.483 *** 0.420 *** 
 (0.112) (0.101) (0.091) 
LOC_7 0.080 0.305 *** 0.280 *** 
 (0.090) (0.081) (0.072) 
AGE 0.004 ** −2.0e-5 −1.0e-4 
 (0.002) (0.002) (0.001) 
GHHH 0.065 0.049 0.051 
 (0.078) (0.070) (0.071) 
EDU_1 −0.049 −0.131 −0.116 
 (0.095) (0.086) (0.089) 
EDU_2 −0.069 −0.056 −0.045 
 (0.075) (0.068) (0.072) 
EDU_3 −0.030 −0.122 * −0.112 
 (0.082) (0.073) (0.075) 
M_STAT −0.032 0.029 0.015 
 (0.078) (0.070) (0.072) 
AREA 0.019 −0.008 −0.006 
 (0.022) (0.019) (0.018) 
CONSTANT −0.124 0.078  
 (0.145) (0.127)  
R2 0.402 0.413  
F 14.06 15.89  
n 374 374 374 
Note: * p < 0.1, ** p < 0.05, *** p < 0.01; se in parentheses; + calculated average marginal 
effects, and se’s obtained by delta method. 
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Figure 2.1 Schematic of farmer-led multiplication and dissemination program. 
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Figure 2.2 Kernel distribution of propensity scores from PSM(3): unmatched and 
matched samples 
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Chapter 3 
Total Factor Productivity and Technical Efficiency Among Smallholder Groundnut 
Farmers in Northern Mozambique 
 
3.1 Background 
Many of the world’s poorest countries rely on agriculture as a primary driver of their 
economies (World Bank 2007). In Mozambique, the agricultural sector contributes 23.4% to Gross 
Domestic Product (GDP), employs 80% of the workforce, and is dominated by smallholders that 
produce 95% of total farm output (USAID 2018). Although agriculture contributes significantly to 
the economy, only 20% of total production exits the farm gate (USDA 2015). Even with 80% of 
agricultural production dedicated to staple crops for self-consumption, smallholder production 
does not meet domestic needs, and food insecurity and undernourishment have remained 
prevalent among the population (USAID 2019). To address these challenges, the Mozambique 
Ministry of Agricultural and Food Security [Ministério da Agricultura e Segurança Alimentar 
(MASA)] has conducted several studies and implemented comprehensive plans to boost 
agricultural production, most recently with the conclusion of the Mozambique National Agricultural 
Investment Plan [Plano de Investimento no Sector Agrário (PNISA)] implemented from 2013 to 
2017, under the decade-long Plano Estratégico para o Desenvolvimento do Sector Agrário 
(PEDSA: 2010–2020) (MASA 2017b).  
According to pillar (i) of PEDSA, “Agricultural Production, Productivity and 
Competitiveness” (MASA 2017a), productivity constitutes one of four primary targets. However, 
apart from official reporting, there has been limited rigorous investigation of agricultural 
productivity in Mozambique (Uaiene 2008; Farahane 2009; Cunguara 2011). Thus, examination 
of existing production systems to track Technical Efficiency (TE) and Total Factor Productivity 
(TFP), contributes importantly to the literature. This type of targeted study of smallholder 
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production systems provides important information to policy makers and key stakeholders. At a 
time when production and productivity growth figure significantly in critical policy aims, significant 
demand for analysis abounds from diverse sources to develop strategies for the future, 
particularly in light of global climate change. Moreover, greater domestic production constitutes a 
well-established strategy to mitigate food security risks deriving from climatic adversity, which 
significantly concerns Mozambique (Cirera and Arndt 2008; Field and Van Aalst 2014; Arndt and 
Thurlow 2015; CIAT; World Bank and World Bank 2017).  
Climate change predictions for Mozambique reveal shifts in rainfall and temperature 
patterns that are likely to impact crop production throughout the entire country (World Bank 2011a; 
Arndt and Thurlow 2015; Salazar-Espinoza, Jones, and Tarp 2015; CIAT; World Bank and World 
Bank 2017; Salazar, Ayalew, and Fisker 2019). In general, researchers have observed a nuanced 
relationship between agricultural productivity and climate change (Knox et al. 2012; Lachaud, 
Bravo-Ureta, and Ludena 2017; Njuki, Bravo-Ureta, and O’Donnell 2018; 2019). In low-income 
countries like Mozambique, where smallholder rain-fed crop systems predominate, the outlook is 
dim (Schlenker and Lobell 2010; Muller et al. 2011; Rosenzweig et al. 2014). Unpredictable shifts 
in precipitation patterns make it difficult for growers to rely on historical trends to set planting 
dates, while concurrent extreme weather events can lead to crop failure and exacerbate the 
effects of income inequality and poverty on rural populations (Silva, Matyas, and Cunguara 2015). 
Early planting is often recommended as a mitigating strategy to address irregular weather patterns 
but such approach comes at a cost when insufficient precipitation leads to poor plant 
establishment (Waha et al. 2013). Researchers have also noted that increased pressure from 
disease and pests will likely cause significant crop losses and quality issues for smallholders, who 
have little or no access to preventive technologies (e.g., pesticides) or to credit to purchase 
needed inputs (Schlenker and Lobell 2010). On the other hand, diversification of crops grown by 
smallholders can help to mitigate some of the risk from climate change through a climate-resilient 
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production portfolio (Schlenker and Lobell 2010; Muller et al. 2011; Waha et al. 2013; Tessema, 
Aweke, and Endris 2013; Issahaku and Maharjan 2014; Salazar-Espinoza, Jones, and Tarp 2015; 
Michler and Josephson 2017; CIAT; World Bank and World Bank 2017). Diversification is 
underscored as a critical aim in Mozambique where climate driven increases in toxicity for 
cassava, an important staple crop, has resulted in greater prevalence of debilitating health effects 
when consumed regularly, especially among food insecure households (Springmann et al. 2016; 
United Nations Environment Programme 2016; Palmer, Tshala-Katumbay, and Spencer 2019).  
Yet, in light of climate considerations, the essential matter of increasing production remains.   
In general, household (HH) strategies to expand production fall into two categories, 
extensification and intensification. Arable land in Mozambique reaches 49m hectares (ha) but 
only 7.9m ha (16%) are farmed; therefore, extensification would seem like an obvious way to 
increase domestic production (Tschirley and Benfica 2001; USDA 2015). However, traditional 
practices and land tenure policies implemented following independence and the long period of 
civil war have made it challenging for smallholders to increase production area and for outside 
interests to capitalize on large tracts of open agricultural land (Arndt, Jensen, and Tarp 2000; de 
Brauw 2015). Over recent decades, state institutions have worked to reduce constraints to land 
access and to provide additional support to smallholders on the land they currently farm (Hanlon 
2004). These programs have explicitly targeted intensification based on evidence of significant 
productivity gains from improved management (Benfica et al. 2017; MASA 2017b). In particular, 
investments in agricultural research and extension services have been made to increase 
agricultural productivity and total domestic production (Cunguara and Moder 2011). 
Correspondingly, a joint approach of extensification and intensification has been adopted to 
increase production. Given these aims, additional research on agricultural productivity in 
Mozambique is warranted. Thus, this study focuses on a sample of groundnut farmers in the 
northeastern provinces of Cabo Delgado and Nampula to examine smallholder productivity.  
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Groundnuts have received attention from regional stakeholders as a highly nutritious 
foodstuff that contributes to a diverse crop portfolio and enhances soil health and fertility when 
used in rotations and intercropping (CNFA; USAID 2010; Salazar-Espinoza, Jones, and Tarp 
2015). Notably, groundnuts are a source of zinc and protein, essential nutrients that are declining 
in the food supply due to increased atmospheric carbon dioxide (CO2) (Wessells and Brown 2012; 
Myers et al. 2015; Medek, Schwartz, and Myers 2017; Beach et al. 2019). Leguminous crops like 
groundnuts have been promoted given the limited availability of chemical fertilizer and its low 
adoption rates in the region (2–3%) (Benson, Cunguara, and Mogues 2012; MASA 2017a). 
Furthermore, these crops are projected to benefit from increased atmospheric CO2, with greater 
yield and nitrogen fixing in the soil (Burkey et al. 2007; Rogers, Ainsworth, and Leakey 2009). In 
Mozambique, groundnuts are grown by 5% of HHs on 395k ha, primarily for HH consumption, 
with the greatest production levels in Cabo Delgado and Nampula provinces (MASA 2017a). Risk 
from groundnut rosette virus, low seed-to-yield ratio, and complexity of cultivation compared to 
other crops have worked against the decision to grow groundnuts (Naidu et al. 1999; Okello et al. 
2014; Mugisa et al. 2015; de Brauw 2015). In addition, seed companies have shown little interest 
in developing and disseminating high-yielding disease-resistant varieties and have focused their 
efforts predominantly on more widely grown and higher seed-to-yield crops like maize, pigeon 
pea, rice, and soybean (Tripp 2001; Tripp and Rohrbach 2001; Rohrbach, Minde, and Howard 
2003; de Brauw 2015; Mastenbroek and Ntare 2016). Therefore, groundnut-seed improvement 
and dissemination have been primarily realized by inter-governmental agencies and non-
governmental organizations (NGOs) (Abady et al. 2019). In addition to research and development 
on seed varieties, these organizations have worked to address concerns over contamination from 
harmful aflatoxins that occur naturally in the field (Florkowski and Kolavalli 2014; Grace et al. 
2015; Bandyopadhyay et al. 2016). Problematic for many crops, particularly groundnut and maize, 
these carcinogenic byproducts of common soil funguses have reduced greatly the marketability 
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of crops for processing and export (Grace et al. 2015). The health impacts from consumption of 
contaminated foods are particularly difficult to address because, generally, subsistence farmers 
live in rural areas isolated from outreach, training and education sources (Heltberg and Tarp 
2002). Nevertheless, the burden from reduced health and sickness is acutely experienced by poor 
HHs, which contributes to pernicious poverty traps (Barrett, Carter, and Little 2006; Giesbert and 
Schindler 2012). Outreach and the promotion of good management practices through extension 
services have been identified by a number of authors as promising means to reduce rural poverty 
among smallholders (Evenson 2001; Anderson and Feder 2007; Benin et al. 2011; Cunguara and 
Moder 2011; M. Thuo et al. 2013; Pan, Smith, and Sulaiman 2018). 
A growing segment of the pertinent literature examines the effectiveness of interventions 
on smallholder productivity and poverty under the assumption that productivity growth is 
associated with direct and indirect effects on poverty reduction (De Janvry and Sadoulet 2002; 
2010). Regionally, it is estimated that Sub-Saharan Africa (SSA) has the greatest average returns 
on agricultural productivity growth in the world, which is predominantly driven by high poverty 
rates (Thirtle, Lin, and Piesse 2003). In order to increase productivity, agricultural training is 
typically offered through extension activities in the form of expert farm visits or farmer field schools 
to promote adoption of good management practices and/or new technologies (e.g., planting date, 
composting, high yielding varieties, etc.) (Evenson 2001). The effect of market participation, 
prices and demand for goods on smallholder productivity, technological change, and poverty rates 
has gained significant traction in the literature (Headey and Martin 2016; Benfica et al. 2017). 
Results from interventions that target smallholders generally demonstrate a positive association 
between productivity and HH wellbeing (Thirtle, Lin, and Piesse 2003; Minten and Barrett 2008; 
Alene and Coulibaly 2009; Davis et al. 2012; Asfaw, Shiferaw, et al. 2012; Asfaw, Kassie, et al. 
2012; Smale and Mason 2014; Larsen and Lilleør 2014; Zeng et al. 2015; Afolami, Obayelu, and 
Vaughan 2015; Sanyang et al. 2016; Amare and Shiferaw 2017; Ainembabazi et al. 2018). For 
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groundnut growers, two studies of improved variety adoption, productivity, and HH welfare in 
Uganda support this trend (Moyo et al. 2007; Kassie, Shiferaw, and Muricho 2011).  
Research in Mozambique over recent decades has covered a wide variety of topics related 
to smallholder productivity and HH welfare, which includes: examinations of off-farm wage labor 
on poverty alleviation (Tschirley and Benfica 2001); market participation and poverty (Heltberg 
and Tarp 2002); HH asset stocks on market participation (Boughton et al. 2007); agricultural 
technology adoption on HH income (Cunguara and Darnhofer 2011); extension provision based 
on poverty status (Cunguara and Moder 2011); asset shocks on rural HH welfare and poverty 
traps (Giesbert and Schindler 2012); crop subsidies on smallholder technology adoption (Carter, 
Laajaj, and Yang 2014); constraints to the adoption of conservation agriculture practices 
(Grabowski and Kerr 2014); crop selection based on gender (de Brauw 2015); weather shocks 
on cropping decisions (Salazar-Espinoza, Jones, and Tarp 2015); extreme weather and economic 
shocks on rural inequality (Silva, Matyas, and Cunguara 2015); spillover effects from the 
establishment of large farms on smallholder production (Deininger and Xia 2016); market prices 
on agricultural intensification (Benfica et al. 2017); a randomized field experiment to increase 
adoption of biofortified crops (de Brauw et al. 2018); and weather shocks on market prices 
(Salazar, Ayalew, and Fisker 2019). Several of these studies incorporate groundnuts into their 
analysis (de Brauw 2015; Salazar-Espinoza, Jones, and Tarp 2015; Deininger and Xia 2016; 
Benfica et al. 2017) or list them as an important staple crop in Mozambique (Tschirley and Benfica 
2001; Carter, Laajaj, and Yang 2014). In terms of productivity measurement, these studies rely 
on simple measures, mainly yield and total value of output. We only find a single case that applies 
stochastic production frontier methodology to examine TE (Uaiene 2008), and another study that 
uses Data Envelopment Analysis (DEA) to analyze TE and TFP for a set of SSA countries 
including Mozambique (Nkamleu 2004).  
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Productivity measurement and analysis in agriculture has consistently revealed the 
importance of decision-making by farm managers who seek to maximize output given their 
technology, input set, and environment (Bravo-Ureta et al. 2007; Zellner, Kmenta, and Dreze 
1966; Karagiannis and Kellermann 2019). TE and TFP measures provide useful benchmarks to 
compare potential with realized production levels across farm samples. In contrast to simple 
production metrics (e.g., output and yield), TE and TFP indicators are more informative for 
stakeholders to set the most effective course of action to generate productivity growth. For 
instance, high mean TE may suggest that the best strategy for productivity growth is to invest in 
research and development (R&D) that generates new technologies and spurs technological 
change (TC). In SSA, research on TE and TFP has included over 400 frontier studies published 
from 1984 to 2013 (Bravo-Ureta et al. 2007; 2017; Ogundari 2014). These studies demonstrate 
the importance of measurement to track and develop strategies to further enhance productivity 
growth. Moreover, given the wide heterogeneity across farming systems and geographical 
locations, it is critical to develop productivity measurements that are country and even site 
specific. Hence, given the dearth of productivity analyses for Mozambique, additional research is 
warranted. The rationale for this work is therefore to generate new evidence that may be used to 
justify future research and interventions by policy makers and funding agencies, and for the 
development of country-specific anti-poverty programs and policies. To this end, we investigate 
the associations between productivity and smallholder characteristics, specifically gender, seed 
use, land, i.e., production area and farm size, which has been widely covered in the literature 
(Adamopoulos and Restuccia 2014; Julien, Bravo-Ureta, and Rada 2019), and poverty 
considering its multidimensionality.  
The analysis of productivity and poverty has relied predominantly on income or 
consumption measures of poverty categorized under the Foster-Greer-Thorbecke (FGT) family 
of indices (Foster, Greer, and Thorbecke 1984; 2010), e.g., headcount ratios and poverty gap, 
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that are commonly used to evaluate the impact of agricultural development projects on poverty 
(Heltberg and Tarp 2002; Alwang and Siegel 2003; Moyo et al. 2007; Kassie, Shiferaw, and 
Muricho 2011; Asfaw, Kassie, et al. 2012; Smale and Mason 2014; Zeng et al. 2015). 
Alternatively, asset based measures of poverty have been used in several studies as an attempt 
to resolve multiple limitations of FGT indices applied to poor smallholder HHs, including data 
availability and reliability issues (Barrett, Carter, and Little 2006; Giesbert and Schindler 2012; 
Davis et al. 2012; Liverpool-Tasie and Winter-Nelson 2012; Teklewold, Kassie, and Shiferaw 
2013; Muyanga, Jayne, and Burke 2013; Larsen and Lilleør 2014; Pan, Smith, and Sulaiman 
2018). From a capabilities framework, experts have argued that commonly used measures of 
poverty often ignore many of the systemic and pervasive depravations faced by smallholders 
across the many dimensions of human welfare (Sen 1976; Alkire et al. 2015). Although the 
Multidimensional Poverty Index (MPI) has become recognized as a meaningful metric for 
international development, few studies have applied it to smallholder productivity (Grófová and 
Srnec 2012; Dzanku 2015). Most recently, a multi-country study (Mozambique, Malawi, and 
Swaziland) examined the impact of off-farm employment at biofuel plantations on MPI and found 
evidence that off-farm income led to poverty reduction (Mudombi et al. 2018). Another study on 
the effects of economic crisis on multidimensional poverty in Zimbabwe included agricultural 
inputs of rural smallholders and found that economic shocks can have long-lasting impacts on 
poverty rates (Stoeffler et al. 2016). Following this thread, our study provides basic insight into 
the relationship between productivity, namely TE and TFP, the various deprivations that contribute 
to MPI, and MPI poverty status, which is something we have not observed in the literature up to 
this point. The remainder of this paper is structured as follows: the methods section describes the 
econometric framework, study-specific MPI, data, and estimation strategy used in the analysis, 
which is followed by the results and discussion section and, finally, the summary and conclusions. 
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3.2 Methods 
3.2.1 Econometric Framework 
A primal approach to the analysis of productivity is taken in this paper, which assumes 
that firms maximize expected profits. This assumption has provided the rationale for estimating 
production frontier models where inputs are predetermined thus avoiding the simultaneity bias 
issue (Zellner et al. 1966; Hodges 1969; Blair and Lusky 1975). Maximum Likelihood Estimation 
(MLE) is the preferred methodology used to fit Stochastic Production Frontiers (SPFs) (Greene 
2003). The SPF model has gained great popularity in the study of production economics in a 
number of economic sectors (Greene 2008a) including agriculture (Bravo-Ureta et al. 2007; 2017; 
Ogundari 2014). More recently, stochastic production frontiers have been used by a number of 
authors in the measurement and decomposition of TFP (e.g., O’Donnell 2016; Njuki et al. 2018, 
2019; Julien et al. 2018). 
This paper assumes a Cobb-Douglas (C-D) functional form for all models estimated below. 
The C-D is selected because it is a good approximation to the unknown true production function 
and it satisfies theoretically-based curvature properties globally (O’Donnell 2016; Njuki, Bravo-
Ureta, and O’Donnell 2019; Onofri, Bianchin, and Boatto 2019). The general C-D SPF model for 
cross-sectional data can be expressed as follows (Aigner, Lovell, and Schmidt 1977): 𝑌$ = 𝑓(𝑋$) +	𝑣$ − 𝑢$                    (1) 
where 𝑌$ is the natural log of observed output, 𝑋$ are natural logs of inputs, 𝑣$ is the standard 
normally distributed error term, N(0,	𝜎GO), and 𝑢$ is the one-sided term that represents technical 
inefficiency. The literature includes alternative specifications for the distribution of 𝑢$, although, 
the half-normal distribution is the most popular option (Coelli et al. 2005). For the half-normal 
distribution, the expected value of 𝑢$, conditional on the composed error term 𝜀$ = 	 𝑣$ − 𝑢$, is: 𝐸[𝑢$|𝜀$] = ST(UVTW) XYZ𝜀$𝜆\𝜎]^(_`aT|S) − `aTS b               (2) 
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where 𝜎 = [𝜎cO + 𝜎GO]U/O, 𝜆 = 𝜎c 𝜎Ge ,  𝜙(∙) is the density of the standard normal distribution, and Φ(∙) is the cumulative density function (Jondrow et al. 1982). Statistical tests are often performed 
to compare alternative specifications for the distribution of the one-sided error term in the frontier 
(Coelli et al. 2005). TE of the 𝑖th unit, HHs in our case, is defined as the ratio of observed 𝑌$ and 𝑌* (the frontier value), which is given by:   𝑇𝐸$ = 𝑒𝑥𝑝(−𝑢$).                                                                               (3)  
Another aspect that we analyze below is Total Factor Productivity. In general, TFP is 
defined as the ratio of total outputs and total inputs, which for HH 𝑖 can be expressed as: 
 𝑇𝐹𝑃$ = man(na)                                (4) 
where 𝑌$ is total output and 𝑋(𝑋$) is aggregate input (O’Donnell 2016; Julien, Bravo-Ureta, and 
Rada 2019). Parameter estimates from the C-D SPF are used as weights to aggregate inputs. 
Another major advantage of the C-D functional form is that it satisfies axiomatic properties 
associated with TFP indexes that allow for consistent TFP comparisons between HHs (O’Donnell 
2018). Based on the C-D SPF model, the TFP for HH 𝑖 and 𝑚 regressors, is denoted as:  𝑇𝐹𝑃p(𝑦$, 𝑥$) = r∏ t𝑥u$vwa_xwypuzU { × [𝑒𝑥𝑝(𝑢$)] 	× [𝑒𝑥𝑝(𝑣$)]            (5) 
The first right-hand side (rhs) term in equation (5) measures output-oriented scale and mix 
efficiency, capturing fluctuations in TFP due to economies of scale and input substitution. The 
second component measures output-oriented technical efficiency, which captures fluctuations in 
productivity growth due to movements toward or away from the frontier. The last component is 
statistical noise, which measures fluctuations in TFP due to errors and other unknown factors 
(O’Donnell 2016). The TFP index (TFPI) is then calculated by dividing TFPi by a reference TFP 
value 𝑟 from the sample, i.e., TFPIi	= TFPi	/ TFPr. If the HH with the maximum TFP score is used 
as the reference point, i.e., TFPIi	= TFPi	/ TFPmax (as is done below), then TFPI values fall into the 
[0,1] interval. TFPI is denoted as (O’Donnell 2018; Julien, Bravo-Ureta, and Rada 2019): 
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𝑇𝐹𝑃𝐼p(𝑦$, 𝑦, 𝑥$, 𝑥) = ∏ wawawwwwpuzU  × r(ca)(c){ 	× r(Ga)(G){                                (6) 
where the rhs components are sub-indices that correspond respectively to: output-oriented scale 
and mix efficiency index; output-oriented technical efficiency index; and the statistical noise index. 
 
3.2.1.1 Controlling for Spatial Heterogeneity with ‘True’ Fixed Effects 
Heterogeneity between HHs is driven by observable and unobservable factors. In the 
‘pooled’ model these factors are captured by an intercept term and white noise (𝑣$) in the 
composed error. In certain cases, it is possible to exploit the data structure to capture unobserved 
heterogeneity by incorporating time and/or space effects. Thus, we estimate a fixed effects model 
as alternatives to the ‘pooled’ specification. When included in the estimation of SPFs, this model 
is called True Fixed Effects (TFE). The TFE model disaggregates the intercept term to capture 
unobservable heterogeneity. Given the cross-sectional nature of the data available for this study 
we control for spatial heterogeneity between 𝑖 HHs in 𝑙 regions. The TFE model treats the 
disaggregated intercept terms as ‘fixed’, and includes a dummy variable for each region to capture 
unobserved heterogeneity (e.g., climate, leadership, infrastructure). Equation (1) can be modified 
to accommodate the TFE model by adding the regional dummy variable (𝐹), expressed as: 𝑌$ = 𝑓(𝑋$, 𝐹) +	𝑣$ − 𝑢$                                 (7) 
The TFE is estimated using MLE according to the methodology described by Greene (2005). An 
appealing characteristic of the TFE estimator is that it is ‘distribution free’, and requires only a 
conditional mean for estimation. A potential drawback of the earlier FE estimators, e.g., Schmidt 
and Sickles (1984), is the lack of parameterization (i.e., distribution) in that TE comparisons 
between individual units are based upon the best in sample value as a reference point (Greene 
2005). The TFE model handles this drawback by incorporating the frontier structure, i.e., 
inefficiency (𝑢$), into the fixed effects estimation.  
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 Another concern with TFE estimation is the incidental parameters problem identified by 
Greene (2005). The incidental parameters problem comes from inconsistent variance estimates 
that are critical in post-estimation of the inefficiency term (Belotti and Ilardi 2018). To resolve the 
TFE incidental parameters problem model transformation is done to remove individual effects 
(Wang and Ho 2010). The approaches to consistent TFE estimation by model transformation 
include the following estimators: marginal ML within (MMLE_W), marginal ML first-difference 
(MMLE_FD), and marginal maximum simulated likelihood (MMSLE) (Belotti and Ilardi 2018; 
Wikström 2015; Chen, Schmidt, and Wang 2014; Wang and Ho 2010). Hence, each of the 
alternative TFE methodologies are done to examine the robustness of post-estimation TE 
estimates. 
 
3.2.2 Multidimensional Poverty Index 
The MPI is based on indicators of specific deprivations that limit or prevent critical 
functioning under various dimensions of human well-being (e.g., education level, health and 
housing standards) (Alkire et al. 2015; Stoeffler et al. 2016). For each indicator, thresholds or 
cutoffs are determined based on the best evidence available and on normative justifications of 
sufficiency under the corresponding dimension. Furthermore, this evidence-based framework is 
used to set weights for dimensions and indicators that are ultimately aggregated to generate a 
single measure or score of deprivation for each observed unit (e.g., HH) (Ravallion 2011). The 
Alkire-Foster (A-F) methodology employs a dual cutoff approach to construct the MPI. To 
illustrate, consider the achievement (𝑠$) of HH 𝑖 ( 𝑖 = 1, ..., 𝑛	) by indicator 𝑗 ( 𝑗 = 1, ..., 𝑑	) (Santos 
2019). In the first step, cutoffs (𝑧) for each indicator are selected to determine HH deprivation 
(𝑔$' ), which may be expressed as 𝑔$' = 1 (deprived) 𝑖𝑓𝑓	𝑠$ < 𝑧 and 0 otherwise (Alkire et al. 
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2015). Next, a deprivation matrix is generated and weights (𝑤), s.t. ∑ 𝑤 = 1zU ,	are assigned 
each indicator. The deprivation score (𝑐$) is calculated by aggregating the weighted deprivations:  𝑐$ = ∑ 𝑤𝑔$'zU                 (8) 
A second cutoff (𝑘) is applied to the deprivation score to determine if a HH is multidimensionally 
poor, i.e., 𝑐$ ≥ 𝑘. MPI is the product of the Headcount Ratio (𝐻) and Poverty Intensity (𝐴), where 𝐻 is defined as the proportion of poor units in the sample that are below the poverty cutoff (𝑘), 
calculated as the number of poor (𝑞) divided by the total sample (𝑛): 𝐻 = 𝑞/𝑛                  (9) 
Poverty intensity (𝐴), is defined as the average deprivation score for multidimensionally poor units, 
calculated as:  𝐴 = ∑ 𝑐$/𝑞	¡$zU ∀	𝑐$(𝑘)/𝑞               (10) 
Thus, the full specification of the MPI may be expressed as (Alkire et al. 2015):  𝑀𝑃𝐼 = 𝐻 × 𝐴 = U¡ ∑ ∑ 𝑤𝑔$' (𝑘)zU¡$zU                                                  (11) 
 
3.2.3 Data  
The data used in this study were collected as part of ongoing multi-country efforts 
supported by the United States Agency for International Development (USAID) to enhance the 
productivity of agricultural systems in Least Developed Countries (LDCs). Under the Feed the 
Future initiative, USAID Innovation Labs targeted multiple crops on the basis of regional 
importance with the specific aim to enhance food security. The Peanut and Mycotoxin Innovation 
Lab (PMIL) was in operation from 2012 to 2017 following prior efforts to support peanut (i.e., 
groundnut) growers under the USAID Peanut Collaborative Research Support Program (CRSP) 
from 1996 to 2012 (Jones et al. 2012; Hoisington 2018). Participating PMIL countries included 
Haiti, Ghana, Malawi, Mozambique, and Zambia. Partner agencies, usually under the respective 
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departments of agriculture, provided institutional support and facilitated engagement with key 
stakeholders, including universities, research centers, agricultural producers, and local 
consultants particularly for in-country data collection. Program activities varied by country with 
initiatives including: research on good management practices to enhance yield and reduce the 
likelihood of fungal contamination (i.e., formation of harmful aflatoxins); plant breeding to generate 
new varieties that are high yielding, drought, and disease resistant, while maintaining other 
desirable characteristics that are likely to affect HH adoption and marketability; human capacity 
building by funding research and graduate students at partner agencies and universities as well 
as providing training via agricultural extension, including expert visits and farmer field trials; and 
data collection for areas identified by experts as critical to the project mission (Hoisington 2018, 
https://ftfpeanutlab.caes.uga.edu). 
For this study, partners at the Mozambique Agricultural Research Institute (MARI), aka 
Instituto de Investigação Agrária de Moçambique (IIAM), facilitated the effort to collect primary 
data from groundnut producers in the northern region of Mozambique. Researchers have 
highlighted low availability of inputs north of the Zambezi River, which is a primary constraint to 
agricultural productivity due to the lack of infrastructure (e.g., roads) that greatly limits HH access 
to urban markets in the south (Cirera and Arndt 2008; Mabiso, Cunguara, and Benfica 2014). The 
northern region was selected by local experts because of the large proportion of HHs that grow 
groundnuts and a lack of available data for this population. A version of the survey instrument, 
adapted from an earlier PMIL survey of groundnut producers in Ghana, was distributed prior to 
in-country meetings in early June 2016. During the June meetings, stakeholders reviewed the 
instrument and adjusted it according to expert opinion and pilot testing with local producers. A 
team of trained enumerators conducted the survey during June and July 2016 in northeastern 
Mozambique. 
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Researchers at MARI selected two provinces, Nampula and Cabo Delgado as the location 
for data collection. In Mozambique, provinces are divided into districts, which are further split into 
administrative posts, followed by localities, and villages or communities. The sampling unit in this 
study is a HH located in a given village. Additional information on the villages was collected using 
a separate questionnaire administered by the field supervisor to village leaders. Given the 
resources available, a multistage approach for sample selection was taken with randomization 
done at the district, locality, and village levels. The sample design consisted of four districts, two 
per province; sixteen localities, four per district; and thirty-two villages, two per locality. Given the 
target of 400 HHs interviewed, 12 or 13 HHs were surveyed in each village, with 25 HHs surveyed 
per locality. Data was cross-checked by a field supervisor during the survey visit. From the full 
sample of 400, 168 HHs are dropped because of missing production data; therefore, 232 HHs are 
used in the analysis. We observe that these 232 HHs are evenly distributed among the provinces, 
districts, localities, and villages, with 50.4% of the sample located in Nampula province, 22.8% in 
Memba and 27.6% in Mogovolas districts. The remaining 49.6% of the sample came from Cabo 
Delgado province, 24.6% in Chiure and 25% in Balama districts (Table 3.1). 
 
3.2.3.1 Descriptive Statistics 
Table 3.1 presents HH demographic and production statistics for the sample of 
smallholder groundnut farmers analyzed in this study. MPI dimensions, indicators of HH welfare 
with deprivation definitions, weights, and rates of HH deprivation for each indicator are provided 
in Table 3.2. Household heads (HHHs) in the sample are on average 38.7 years old; 88.8% are 
male and 11.2% female; 89.6% are married and the remaining 10.4% are either single (2.6%), 
widowed (3.9%), or divorced (3.9%) (Table 3.1). No formal education is reported for 32.3% of 
HHHs, which corresponds to the proportion of the sample that are not able to read and write 
(Table 3.2), while the remaining 67.7% of HHHs indicated a minimum of primary education 
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(62.1%) or greater (5.6%) (Table 3.1). The proportion of children (6 to 11 years) currently enrolled 
in school is 76.3%, with the remaining 23.7% deprived of formal education (Table 3.2). Taking the 
difference in deprivation rate for formal education between school-aged children (23.7%) and 
HHHs (32.3%), the decrease of nearly 10% points can be interpreted as a 26% reduction in formal 
education deprivation between generations, whereby attendance has increased markedly for the 
current generation. Average HH size is 5.16 members, composed of 3.48 Adult Male Equivalents, 
derived by assigning weights to HH members based on their age and gender to get an idea of 
labor availability. As shown in Table 3.1, the weights used are: adult males (16 years or more) = 
1.0; adult females (16 years or more) = 0.8; and children (less than 16 years) = 0.5 (Dillon and 
Hardaker 1989; Julien, Bravo-Ureta, and Rada 2019). Mean total and per capita annual HH cash 
income for the sample is USD $173 and $57, respectively (Table 3.1).  
Regarding agricultural variables, total groundnut output (𝑌) ranges from 50 to 3,450 kg 
with a mean of 474 kg, and yield ranges from 171 to 1,767 kg/ha with an average of 681 kg/ha 
(Table 3.1). Farm size ranges from 0.4 to 15.25 ha, with a mean of 2.69 ha (Table 3.1), with 24.1% 
of HHs owning less than 2 ha (Table 3.2). Area in groundnuts (𝑋1) averages 0.713 ha. Labor is 
measured in Hours of Adult Male Equivalents (MHrs), which is calculated by weighting labor hours 
by Adult Male Equivalents (as explained above), then summing over all activities. Average HH 
labor input for groundnut farming (𝑋2) is 149.65 MHrs (Table 3.1). On average, HHs use 21.72 
kg of groundnut seed (𝑋3). Farm equipment (FARM_EQIP) (Table 3.1) includes: machete, 
hatchet, sickle, hoe, sprayer, and storage facility. The average HH owns 2.7 types of items (Table 
3.1) and, 43.1% of HHs own less than 3 types (Table 3.2). Mean livestock ownership is 0.34 units 
(LS_UNITS) per HH, where livestock are weighted according to their regional resource use, and 
their nutritive and market value. The weights by livestock type are as follows: 0.5 for cattle and 
horses; 0.2 for pigs; 0.1 for goats and sheep; and 0.01 for chickens (Upton 2011). We note that 
47% of HHs own less than 0.1 livestock units (Table 3.2). 
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3.2.4 Empirical Model 
The empirical C-D model is specified as total groundnut output (𝑌$) for HH 𝑖 as a function 
of a set of 𝑚 traditional inputs (𝑋u$) that includes associated area (ha), labor (MHrs), and seed 
planted (kg). We also consider the underlying structure of the data and aggregation of sub-groups, 
or clusters, of HHs to generate robust standard errors for the estimates (Moulton 1990). Standard 
errors are clustered at the highest level of aggregation, i.e., village, for all models to control for in-
group similarities between HHs, e.g., local leadership. Selection of the preferred SPF model relies 
on Likelihood Ratio (LR) tests and the Akaike Information Criterion (AIC), where lower AIC values 
indicate superior model fit (Lai and Huang 2010). 
The first empirical specification is a Pooled SPF model, denoted as: 𝑙𝑛(𝑌$) = 𝛼' + ∑ 𝛽u𝑙𝑛𝑋u$puzU + 𝑣$ − 𝑢$                (14) 
where the following parameters are estimated: intercept 𝛼', 𝛽u for traditional inputs, and the error 
term composed white noise 𝑣$ and the inefficiency term 𝑢$. As is well known, the 𝛽u parameters 
from a C-D production frontier can be interpreted directly as partial elasticities of production. Post- 
estimation of TE and TFP are calculated based on the general expressions shown in equations 
(3) and (5), respectively.  
The next set of estimations include fixed effects 𝐹 to handle regional heterogeneity at the 
district-level, and the expression for the SPF True Fixed Effects specification is: 𝑙𝑛(𝑌$) = ∑ 𝛽u𝑙𝑛𝑋u$puzU + 𝜃𝐹 + 𝑣$ − 𝑢$                                              (12) 
The ‘pooled’ intercept 𝛼' is dropped in (12), and the TFE parameters 𝜃 are estimated for each of 
the 𝑙 districts. Post-estimation of TE is calculated according to equation (3) and TFP is estimated 
using the following equation: 𝑇𝐹𝑃p(𝑦$, 𝑥$) = r∏ t𝑥u$vwa§_xwypuzU { × [𝑒𝑥𝑝(𝜙$)] × [𝑒𝑥𝑝(𝑢$)] 	× [𝑒𝑥𝑝(𝑣$)]                   (13) 
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where the additional second rhs component, [𝑒𝑥𝑝(𝜙$)], measures fluctuations in TFP due to HH 
district-level heterogeneity (O’Donnell 2016).  
In addition to analyzing productivity among smallholder groundnut farmers, this study 
investigates how productivity is related to HH characteristics, with particular attention to farm size 
and HH welfare. Empirically, we define the MPI for this study through careful selection of 
dimensions and indicators based on the study purpose and available data (Santos 2019; Stoeffler 
et al. 2016). A fourth dimension is added to the three dimensions of the global MPI, i.e., education, 
health, and standard of living, to address the importance of agricultural assets to smallholder 
welfare in the study area. For each dimension, indicators, and their corresponding weights, are 
defined in Table 3.2, as follows: (a) Education - (a1) Schooling and (a2) Enrollment; (b) Health - 
(b1) Illness and (b2) Nutrition diversity; (c) Standard of living - (c1) Water source, (c2) Sanitation, 
(c3) Electricity, (c4) Cooking fuel, (c5) Flooring, (c6) Roofing, and (c7) Small assets; and (d) 
Agricultural - (d1) Land owned, (d2) Farm equipment, and (d3) Livestock units. Weights are 
selected based on normative considerations with specific attention to consistency with the global 
MPI and related studies (Alkire et al. 2015; Stoeffler et al. 2016; Santos 2019; Ngenoh et al. 2019). 
The deprivation score (𝑐$) is used to explore the association between multidimensional HH welfare 
and productivity (TE and TFPI). A deprivation cutoff (𝑘) of 1/3 is used to construct the MPI for this 
study, which is selected to be consistent with the value of 𝑘 used in the global MPI. 
Table 3.3 includes (i) the MPI for this study (2016) along with comparative values from two 
other representative MPIs for Mozambique, (ii) the most recent Oxford Poverty and Human 
Development Initiative (OPHI) Global MPI for Mozambique (2011) (OPHI 2019), and (iii) the 
Mozambique government’s MPI (2015) that was developed to track domestic poverty over time 
(Mahrt et al. 2018). MPI values are presented according to study, year, and subsample, beginning 
with the MPI for this study (i), followed by the global MPI (ii), and Mozambique government’s MPI 
(iii). Statistics from earlier studies (ii) and (iii) include national values, as well as rural MPI, and 
  60 
province-level estimates. Unlike the MPI for this study (2016) and the Global MPI (2011), which 
both set 𝑘 = 1/3, the domestic measure sets 𝑘 = 0.4; to account for this we also include sensitivity 
analysis results for the domestic measure where 𝑘 = 0.3, which is closer to the value used in the 
MPI for this study. The rate of poverty incidence (𝐻), poverty intensity (𝐴), and the MPI are 
provided in the righthand columns of Table 3.3, respectively.  
 Among the full sample of groundnut farmers, 81% are considered MPI poor (𝐻), with the 
average deprivation score among poor HHs (𝐴) of 0.517, resulting in an MPI of 0.419. By 
comparison, the 2011 Global MPI for Mozambique found that 72.5% of HHs and 87.1% of rural 
ones are MPI poor, while the intensity of poverty (𝐴) for the two groups is 0.567 and 0.597, 
respectively, resulting in a national MPI of 0.412 and 0.520 for rural HHs. These results 
approximate the values for the domestic measure where 𝑘 = 0.3, where national and rural MPI 
are 0.484 and 0.602, respectively. We note that the results for the government MPI measure 
where 𝑘 = 0.4 are much lower than the MPI for this study and the 2011 Global MPI for each metric 
(𝐻, 𝐴, and MPI). Another key difference is that this study estimates higher rates of poverty in 
Nampula compared to Cabo Delgado, whereas the reverse is true for the two other studies. We 
assume that this difference is driven by the representative samples used in studies (ii) and (iii), 
which include HHs from the city of Nampula, characterized by a less MPI poor urban population. 
We expect that a rural measure for (ii) and (iii) by province would be more consistent with (i) MPI 
for this study. 
 
3.3 Results and Discussion 
 Estimates for the C-D SPF models are presented in Table 3.4. The two models generate 
similar results for each of the conventional production inputs -- land (𝑋1), labor (𝑋2), and seed 
(𝑋3). The coefficients for the conventional inputs, which represent partial elasticities of production, 
are all positive, less than one, and statistically significant at the 1% level. Estimated coefficients 
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for the Pooled SPF and TFE are respectively: 0.298 and 0.328 for land; 0.169 and 0.170 for labor; 
and, 0.555 and 0.520, for seed. The sum of the partial elasticities of production (coefficients) for 
both models equal 1.02. A Wald test is done to determine if the model exhibits constant returns 
to scale (CRS), i.e., the sum of the coefficients equals 1. Results from the Wald test fail to reject 
the null hypothesis that the model exhibits CRS in both cases. The coefficient for the intercept 
terms is positive and significant (1%) in the Pooled SPF model, as well as for each of the district 
coefficient estimates in the TFE model (Table 3.4). The estimated AIC values for the alternative 
model specifications are 193.3 (Pooled) and 191.5 (TFE), which indicates that the TFE models is 
preferred over the Pooled specification. However, we present the productivity results for both 
models to illustrate the consistency in estimates between the alternatives. Robustness of the TFE 
estimator is examined with respect to variance estimates used to generate post-estimation TE 
scores. We find no significant differences in mean TE estimates, as well as for maximum and 
minimum values, and standard deviation. Differences between the estimators is in low 
thousandths (0.001 mean to 0.003 standard deviation). 
 The results for TE, TFP, and TFPI are summarized in Table 3.5. Results for mean TE 
range from 0.677 (Pooled) to 0.682 (TFE). The minimum and maximum values range from 0.354 
(Pooled) to 0.931 (TFE) between the models. These results are reasonable for the region as 
summarized in meta-analysis of TE in SSA (Bravo-Ureta et al. 2007; 2017; Ogundari 2014). Mean 
TFP ranges from 9.18 (Pooled) to 10.83 (TFE), with a minimum-maximum range of 1.44 (Pooled) 
to 32.22 (TFE); mean TFPI ranges from 0.305 (Pooled) to 0.336 (TFE), with a minimum-maximum 
range of 0.05 to 1.00 (Table 3.5). Although few studies in the region have conducted similar TFP 
analysis, general results are consistent with recent estimates for a representative sample of 
smallholder farms in three nearby countries, Malawi, Tanzania, and Uganda, that include all crops 
produced (Julien, Bravo-Ureta, and Rada 2019). These results are further explored in Table 3.6 
and Figures 3.1 and 3.2, regarding farm-level heterogeneity associated with selected 
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characteristics -- location, gender, seed type, production area (Figure 3.1), and HH welfare 
(Figure 3.2). Across provinces and districts, productivity is observed to be consistent whereas HH 
welfare measures display opposite trends (Table 3.6). Higher values in both total and per capita 
annual HH income do not correspond to lower deprivation scores, we observe that both income 
and deprivation score are greater for Nampula province when compared to Cabo Delgado. This 
pattern of mismatches has been well documented in the literature (Alkire et al. 2015) and 
previously observed for Mozambique by the Global MPI (OPHI 2019).  
 Farmer gender results indicate that mean TE is greatest for HHs that co-manage farm 
activities with participation of both male and female HHHs (Table 3.6). In addition, these HHs 
have the lowest mean deprivation score (𝑐$), and slightly lower mean annual income (176.27) 
than HHs where farming is managed by the male HHH (196.72), which is also the group with the 
highest mean TFPI (0.370). The small difference in annual income may be explained by the 
allocation of both HHH time to farming activities, whereas in the case of male headed operations, 
the females often participate in other income generating activities (Rapsomanikis 2015). 
Furthermore, it is not possible to draw meaningful conclusions about the observed differences in 
productivity without controlling for unobserved heterogeneity between the groups (Azumah, 
Donkoh, and Awuni 2019). However, because of small sample size, statistical power is insufficient 
to conduct such analyses using this sample. Nevertheless, we observe that when farming is 
managed by the female HHH, mean productivity indicators (TE = 0.556 and TFPI = 0.286), as 
well as HH welfare levels (Total Income = 84.64, Per capita Income = 33.88, and 𝑐$ = 0.567) are 
lower compared to male HHHs and operations managed jointly by male and females. This finding, 
is a consistent trend in the development literature (World Bank 2011b; World Bank 2015).  
 Next, seed type is examined in Table 3.6 according to productivity and HH welfare. 
Because of the distribution of the subsample, we are hesitant to draw strong conclusions from 
these results, with 38 HHs that grow only High Yielding Varietals (HYVs), 190 that grow only Land 
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Race Varietals (LRVs), and 4 HHs that grow both HYV and LRV groundnuts. The group that only 
grows HYVs has a mean TE, TFPI, Total and Per capita Income, and HH Deprivation score of 
0.608, 0.268. 80.60, 24.97, and 0.482, respectively. On the other hand, 82% of HHs only plant 
LRVs, this majority group exhibits mean TE of 0.697 and mean TFPI of 0.352, which are slightly 
higher than the full sample means. Farmers using only LRVs exhibit a total mean annual income 
(I_TOT) of 194.13, and a per capita income (I_PER) of 64.55, with an average deprivation (𝑐$) = 
0.465. The group of four HHs that grow both HYV and LRV groundnuts has the highest mean TE 
(0.714) and TFPI (0.426) as well as 𝑐$  (0.488) and lowest annual income (71.95). Additional 
information on HYV use, procurement, and seed-saving practices are required to draw 
conclusions into the observed productivity and HH welfare results associated with usage. 
Although the survey instrument addresses some of these matters, the limited detail did not allow 
for greater insights into the observed patterns. However, results from other studies in SSA have 
suggested that procurement and seed saving associated with HYV adoption are likely to help 
explain some of the observed productivity and welfare differences (Kassie, Shiferaw, and Muricho 
2011; Mathenge, Smale, and Olwande 2014; Smale and Mason 2014; Jelliffe et al. 2018). 
Furthermore, we do not observe strong regional differences in the sample for seed-use patterns 
that would suggest localized effects from markets or possible project-related interventions.  
 Figures 3.1 and 3.2 include TE in column (a) and TFPI in column (b). Two simple 
regression trendlines are estimated in each case to provide basic insight into the association 
between productivity and HH characteristics. First a linear trendline is estimated, next alternative 
specifications are run to select the trendline with the greatest R2 value. In all cases, the scatterplot 
is generated with the productivity measure on the y-axis and HH characteristic on the x-axis.  
Figure 3.1 illustrates the association between production area and productivity. In the top row 
(Panel i) total farm area, i.e., farm size, is considered, and a flat line is observed for the linear 
model for TE and an upward sloping line for the linear model with TFPI. Polynomial models for 
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both TE and TFPI produce a concave arch represented by the dotted lines. Results in the second 
column (Panel ii) groundnut area, follow the same pattern of flat TE and upward sloping TFPI 
trendlines for the linear models. However, the polynomial specification of the trendline differ from 
Panel i and show a convex arch for TE and less curvature for TFPI, trending more positively. In 
the final row (Panel iii), results for Proportion of Farm Area in Groundnuts are analogous to the 
first row (Panel i), with a slightly negative sloping linear trendline for TE. This suggests little or no 
correlation between farm size and TE and a slightly positive association between farm size and 
TFPI. Moreover, these results are in contrast to evidence from the literature on smallholder 
productivity and farm size, particularly as it relates to the Inverse-Relationship hypothesis (IR-H) 
(Julien, Bravo-Ureta, and Rada 2019)  
 The relationship between productivity and HH welfare is summarized at the bottom of 
Table 3.6 and in Figure 3.2, which is structured in the same way as Figure 3.1. In Table 3.6 HHs 
are grouped by deprivation score according to non-MPI poor HHs with scores <0.33, MPI poor 
HHs with moderate scores between 0.33 and 0.5, and ones with high deprivation >0.5. Mean 
deprivation by group is 0.260, 0.416, 0.608, respectively. Table 3.6 shows an inverse association 
between HH income and deprivation score, where mean total (and per capita) income for non-
MPI poor HHs is $239.80 ($76.03), $194.04 ($66.12) for the moderate MPI poor group, and 
$125.41 ($40.90) for the poorest group. We also observe the related associations between HH 
income and productivity in Figure 3.2, where the upper left quadrant shows the relationship 
between (a) TE and (i) Total annual income is positive and increasing, as well as for (b) TFPI and 
(i) Total annual income depicted in the upper right quadrant (Figure 3.2). The polynomial trendline 
for (i) Total annual income and (a) TE is increasing and slightly convex, closely resembling the 
linear model, while the one for (b) TFPI is concave, increasing with the linear trendline up to about 
USD $1000, before decreasing below the linear trend for the highest income values. This may be 
explained by the ability for wealthier HHs to rely less heavily upon agriculture as they have some 
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ability to buy food as needed. The results for Panel (ii) Per capita HH income differ slightly from 
the annual income results observed in Panel i. The linear relationship between (a) TE and (b) 
TFPI and (ii) Per capita income is equivalent to the results annual income results in panel (i). On 
the other hand, the polynomial specification in panel (ii) is concave for (a) TE, compared to the 
slightly convex trend in panel (i). The convexity of the polynomial trendline for (b) TPFI is greater 
for per capita income panel (ii) compared to the results for total annual income panel (i).  
 The bottoms of Table 3.6 and Figure 3.2 suggest some clear links between HH 
productivity and HH welfare. In both cases, we observe an inverse relationship between 
productivity (TE and TFPI) and HH deprivation, i.e., deprivation is higher when productivity is 
lower. By deprivation score group, from lowest to highest, respective mean productivity scores 
are 0.712, 0.683, and 0.669 for TE; and 0.447, 0.341. and 0.291 for TFPI (Table 3.6). The 
corresponding trends in Figure 3.2 (Panel ii) show a slightly negative association between 
deprivation score and TE in the linear model. In contrast, under the polynomial specification we 
observe an increase in TE for the poorest HHs. The correlation between (b) TFPI and (ii) 
deprivation score is -0.261 indicating that productivity is decreasing with HH deprivation, which 
corresponds to the results from Table 3.6, as well as for annual and per capita income in panel 
(i) and (ii) of figure 3.2. The polynomial trendline between TFPI and deprivation score is convex, 
with sharp decreases in productivity at the lowest levels of deprivation and slight increases in 
TFPI for the most deprived HHs. Again, the pattern in polynomial trendlines in the bottom half of 
figure 3.2 may be explained by a greater reliance on subsistence production among the poorest 
HHs that coincides with slight productivity increases.  
 
3.4 Summary and Concluding Remarks 
Our work uses detailed microlevel data to examine HH productivity in Mozambique for 
groundnuts, an important regional crop. The literature for productivity in Mozambique is thin, with 
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only a handful of studies that examine technical efficiency and none for total factor productivity. 
Therefore, this paper contributes to the literature by providing state of the art productivity analyses 
for farmers in the northern region of the country. Estimates from multiple Cobb-Douglass 
stochastic production frontier models are well behaved, with positive and statistically significant 
values for each of the conventional inputs. Productivity results from the preferred ‘true’ fixed 
effects model reveal mean TE and TFPI equal to 68.2% and 33.6%, respectively. Furthermore, 
these results are consistent with earlier studies from the region (Bravo-Ureta et al. 2007; 2017; 
Ogundari 2014). We then consider the relationships between productivity and other HH 
characteristics -- gender, seed type, farm size, and poverty -- to gain insights into avenues for 
further research.  
Gender results indicate that female headed households are the least productive and 
poorest among the groups. This finding has been consistently documented throughout the 
literature and has been attributed to several key factors (Morgado and Salvucci 2016; Doss et al. 
2015; 2015; Doss 2014). In terms of seed use, we observe low uptake of high yielding varieties 
across the sample. Although only a handful of smallholders adopt a portfolio of landrace and high 
yielding varieties this group has the highest mean productivity. This pattern deserves further 
attention as the process of selecting a mix of seeds may indicate a more sophisticated approach 
to production whereby taste preferences are balanced against production risk (Jelliffe et al. 2018; 
Smale, Just, and Leathers 1994).     
We do not observe evidence to support the Inverse-Relationship Hypothesis in this study. 
Results from the C-D SPF estimates indicate CRS. Graphically, a positive association is observed 
between farm size and productivity. Given wide availability of arable land in Mozambique further 
analysis of extensification as a means to increase domestic output is warranted. However, it is 
important to note that the largest farms in the sample are roughly fifteen hectares relying solely 
on human labor with no draft animals or mechanization. Thus, this sample does not capture 
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medium-to-large farms in the conventional sense, consistent with the associated literature  
(Julien, Bravo-Ureta, and Rada 2019). Thus, in the context of I-R Hypothesis literature, all of the 
farms in this study constitute small operations. Nevertheless, greater productivity observed for the 
largest in the small farm group plausibly constitutes a localized effect with some significant 
implications. Provided that 95% of domestic output comes from smallholders it is possible to 
achieve significant gains from smallholder extensification with only a few additional hectares 
planted. In fact, adding three hectares to the average operation in our sample represents more 
than a doubling of overall farm size. Furthermore, successful extensification efforts require 
complementary measures to intensify production through adoption of good management 
practices and technologies. In particular, given the low uptake of high yielding varieties, additional 
efforts are needed to promote adoption. Finally, results for productivity and HH welfare highlight 
a positive association between TFPI and poverty, for both income and multidimensional 
measures. 
Smallholder productivity constitutes a dominant theme in the development literature 
because so many of the world’s poor are subsistence farmers. In the poorest countries, small 
changes in productivity can have major impacts on household welfare. Conventional wisdom 
holds that a negative association exists between productivity and poverty, a notion supported by 
our results, in which poorer HHs are less productive than their less poor counterparts (De Janvry 
and Sadoulet 2002; 2010). Mounting pressures from global climate change have tipped the scales 
against farmers throughout the world. Climate change is leading to extreme and erratic weather 
patterns (i.e., abnormal precipitation and temperature), and pest and disease pressure, 
increasingly experienced in the field by poor and wealthy farmers alike (Rosenzweig et al. 2014; 
Onofri, Bianchin, and Boatto 2019). However, the impacts and ability to respond to these shocks 
can differ greatly based on resource availability (Giesbert and Schindler 2012; Muyanga, Jayne, 
and Burke 2013; Salazar-Espinoza, Jones, and Tarp 2015; Silva, Matyas, and Cunguara 2015; 
  68 
Springmann et al. 2016; United Nations Environment Programme 2016; Salazar, Ayalew, and 
Fisker 2019; Beach et al. 2019; Palmer, Tshala-Katumbay, and Spencer 2019). Identifying the 
challenges faced by poor HHs includes the important relationship between agricultural 
productivity and poverty.  
Studies of programs to increase farmer knowledge and skills, introduce new technologies, 
and train smallholders for non-farm employment have shown promising results for poverty 
reduction, increasing resilience among HHs and communities (Tessema, Aweke, and Endris 
2013; Issahaku and Maharjan 2014; Afolami, Obayelu, and Vaughan 2015; Tadesse, Shiferaw, 
and Erenstein 2015; Awotide, Karimov, and Diagne 2016; Ahmed and Mesfin 2017; Agula et al. 
2018). Groundnuts are a promising crop that can enhance the diversity and productivity of 
smallholder production portfolios in the face of increasing atmospheric CO2, and provide essential 
nutrients to food insecure HHs (Burkey et al. 2007; Rogers, Ainsworth, and Leakey 2009; Myers 
et al. 2015; Beach et al. 2019). Our findings suggest additional work is needed to examine these 
relationships, the results of which may be useful for policy justification in support of anti-poverty 
programs that target smallholders. 
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Tables and Figures 
 
Table 3.1 Household and Production Variables, Definitions, and Type  
Variable  Definition  Type Mean 
Demographic    
AGE HHH age Disc. 38.73 
SEX HHH sex (0=male, 1=female) Dum. 0.11 
MSTAT HHH marital status  
(1=single, 2=married, 3=widowed, 4=divorced) Dum.  
_1   0.03 
_2   0.90 
_3   0.04 
_4   0.04 
EDU HHH education  
(1=no formal, 2=primary, 3=primary+) Dum.  
_1   0.32 
_2   0.62 
_3   0.06 
SIZE_HH HH members Disc. 5.16 
SIZE_AE HH adult male equivalents  (0.5= child; 0.8= ad. female; 1= ad. male)  Cont. 3.48 
I_TOT HH cash income, total annual (USD) Cont. 173.43 
I_PER HH cash income, per capita annual* (USD) Cont. 57.24 
DIST District  
(1=Memba, 2=Mogovolas, 3=Chiure, 4=Balama) Dum.  
_1   0.228 
_2   0.276 
_3   0.246 
_4   0.250 
Production    𝑌  Groundnut production output (kg) Cont. 474.37 
YIELD Groundnut yield (kg/ha) Cont. 681.44 
FARMSIZE Farm area (ha) Cont. 2.70 
X1 Groundnut area (ha) Cont. 0.71 
X2 Groundnut labor (MHr)* Cont. 149.65 
X3 Groundnut seed planted (kg) Cont. 21.71 
FARM_EQIP Farm equipment, count by item type (#) Disc. 2.67 
LS_UNITS Livestock units  
(Cow/Horse=0.5; Pig=0.2; Goat/Sheep=0.1; Chicken=0.01) Cont. 0.34 
N=232    
Note:* Calculated using adult male equivalents.   
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Table 3.2 Multidimensional Poverty Index: Dimensions, Indicators, Weights, and 
Deprivation Rates 
Dimension Weight Indicator: deprivation definition  Weight Deprivation (Proportion) 
 (a) Education 30% 
Schooling: HHH no formal education 7.5% 0.612 
Literacy: HHH cannot read and write 7.5% 0.323 
Enrollment: children ages 6–11 not in 
school 15% 0.237 
 (b) Health 30% 
Illness: HH members sick with diarrhea, 
vomiting, or fever greater than 25% during 
previous 30 days  
15% 0.203 
Nutrition diversity: HH consumed less than 
three nutritious food categories during last 
week 
15% 0.405 
      (c) Living    
           Standards 28% 
Drinking water: no access to source of 
clean water 4% 0.427 
Sanitation: unimproved or shared improved 
facility 4% 0.914 
Electricity: HH does not have electricity 4% 0.991 
Cooking fuel: “dirty” (dung, wood, or 
charcoal) 4% 0.987 
Flooring material: basic (earth, sand, or 
dung) 4% 0.944 
Roofing material: basic (no roof, 
thatch/palm, leaf/sod, or cardboard) 4% 0.685 
Small assets: HH owns less than five with 
exception, if HH owns car then not deprived 4% 0.694 
(d) Agricultural 12% 
Land owned: HH owns less than two 
hectares 4% 0.241 
Farm equipment: HH owns less than three 4% 0.431 
Livestock units: HH owns less than 0.1, 
equivalent to 1 goat or sheep, or 10 
chickens 
4% 0.470 
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Table 3.3 Multidimensional Poverty Estimates for Mozambique by Study, Year, and Group 
Study (Year) Incidence (𝑯) Intensity (𝑨) MPI 
(i)   This Study: Groundnut Producers (2016)    
Full Sample 0.810 0.517 0.419 
Cabo Delgado 0.791 0.514 0.406 
Nampula 0.829 0.521 0.432 
    
(ii) OPHI Global MPI: Mozambique (2011)    
National   0.725 0.567 0.412 
Rural  0.871 0.597 0.520 
Cabo Delgado 0.887 0.606 0.537 
Nampula 0.792 0.565 0.448 
    
(iii) Mozambique State MPI (2015)    
Nationala 0.463 0.457 0.212 
Nationalb   0.484 
Rurala 0.576 0.459 0.265 
Ruralb   0.602 
Cabo Delgadoa 0.606 0.476 0.288 
Nampulaa 0.589 0.468 0.276 
Note: Poverty cutoff (𝑘) for Groundnut Producer Survey (2016) and Global MPI (2011) is 1/3; 
aPoverty cutoff (𝑘) used for Mozambique’s national MPI is 0.4, which results in lower estimates 
for Incidence (𝐻), Intensity (𝐴), and MPI; bPoverty cutoff (𝑘) = 0.3, is the closest in value to the 
other studies and provided as part of the sensitivity analysis (Source: Mahrt et al. 2018).  
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Table 3.4 Comparison of Cobb-Douglas Stochastic Production Frontier Models: Pooled 
and True Fixed Effects 
SPF Pooled TFE 
Variable Coefficient SE Coefficient SE 𝑋1  0.298*** 0.057 0.328*** 0.054 𝑋2  0.169*** 0.050 0.170*** 0.045 𝑋3  0.555*** 0.057 0.520*** 0.045 
Constant 4.112*** 0.203   
DIST_1   4.298*** 0.217 
DIST_2   4.145*** 0.195 
DIST_3   4.153*** 0.222 
DIST_4   4.233*** 0.209 𝜎GO          0.033          0.033  𝜎cO          0.291          0.276  𝜆	(= 𝜎c 𝜎G⁄ )  2.975*** 0.110 2.884*** 0.481 
N 232  232  
Log Likelihood -90.61  -86.74  
AIC 193.3  191.5  
Note: Standard Errors (SEs) clustered at village level in all cases.  
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Table 3.5 Summary of Technical Efficiency and Total Factor Productivity Estimates 
Model Mean Min Max St.Dev. 
TE     
Pooled  0.677 0.354 0.926 0.162 
TFE  0.682 0.356 0.931 0.160 
TFP     
Pooled 9.18 1.44 30.06 5.18 
TFE 10.83 1.59 32.22 6.05 
TFPI     
Pooled 0.305 0.048 1.000 0.172 
TFE 0.336 0.049 1.000 0.188 
Note: TFP and TFPI calculations based on C-D SPF estimation results.  
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Table 3.6 Mean Productivity and Household Welfare by Select Producer Characteristics 
Characteristic n TE TFPI I_TOT I_PER 𝒄𝒊 
Location (Province, District)          
Nampula 117 0.673 0.339 175.05 53.87 0.474 
Memba 53 0.672 0.323 212.59 66.46 0.470 
Mogovolas 64 0.675 0.353 143.96 43.45 0.478 
Cabo Delgado 115 0.692 0.340 171.78 60.66 0.462 
Chiure 57 0.690 0.347 129.07 42.09 0.462 
Balama 58 0.693 0.334 213.76 78.92 0.463 
Gender of Household Head       
Male only 35 0.683 0.370 196.72 66.18 0.509 
Female only 15 0.556 0.286 84.64 33.88 0.567 
Male and Female 182 0.693 0.338 176.27 57.44 0.453 
Seed Type(s) Used        
HYV 38 0.608 0.268 80.60 24.97 0.482 
LRV 190 0.697 0.352 194.13 64.55 0.465 
Both (HYV and LRV) 4 0.714 0.426 71.95 16.57 0.488 
HH Deprivation       
Low: <0.33 (non MPI poor) 44 0.712 0.447 239.80 76.03 0.260 
Moderate: 0.33-0.50 (MPI poor) 89 0.683 0.341 194.04 66.12 0.416 
High: >0.50 (extreme MPI poor) 99 0.669 0.291 125.41 40.90 0.608 
Note: TE and TFPI calculations based on TFE C-D SPF estimation results.  
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Figure 3.1 Relationship Between Productivity and Production Area 
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Figure 3.2 Relationship Between Household Welfare and Productivity 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note: Correlation coefficient value for TFPI and Deprivation Score (𝑐$) = -0.261. 
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Chapter 4 
Analysis of Aflatoxin Contamination in Groundnuts:  
Evidence from Ghana, Mozambique, and Uganda 
  
4.1 Introduction 
Groundnut (Arachis hypogaea L.) is an increasingly important crop to global food security 
and smallholder production systems (Abady et al. 2019; Desmae et al. 2019). Compared to other 
smallholder crops, groundnuts are known for their heartiness and ability to generate modest yields 
even under unfavorable conditions where other crops may fail (Ojiewo et al. 2020). Furthermore, 
this crop is a relatively low-input legume that enhances soil fertility and quality when used in crop 
rotations (Okello et al. 2013; CNFA; USAID 2010). Recent research has shown that increased 
atmospheric carbon dioxide (CO2) will be beneficial to groundnut production, increasing nitrogen 
fixing and expected yields (Rogers, Ainsworth, and Leakey 2009; Burkey et al. 2007). Groundnuts 
are rich in both zinc and protein, and hence a particularly valuable source of essential nutrients 
(Settaluri et al. 2012). Available evidence suggests that zinc and protein have been in decline 
throughout the food supply as a result of a changing climate (Beach et al. 2019; Myers et al. 2015; 
Wessells and Brown 2012; Medek, Schwartz, and Myers 2017). This has resulted in increases in 
malnourishment and stunting amongst vulnerable populations, which are often made up of 
smallholder producers (Palmer, Tshala-Katumbay, and Spencer 2019). Thus, groundnuts have 
become an appealing target crop for promotion among smallholder farmers and a subject of 
growing interest to agricultural policy makers.  
However, policy makers are also concerned about the prevalence of mycotoxins, e.g., 
aflatoxin, in groundnuts that generate negative health effects when consumed by people or 
livestock (Ncube and Maphosa 2020; Florkowski and Kolavalli 2014). Furthermore, the natural 
prevalence and severity of mycotoxin formation is expected to increase with climate change 
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(Paterson and Lima 2010; 2011; Bandyopadhyay et al. 2016; Battilani et al. 2016). Consequently, 
good management practices (GMPs) and technologies to reduce mycotoxin pressure have 
become an increasingly important research topic (Omara et al. 2020; Grace et al. 2015; Johnson, 
Atherstone, and Grace 2015; Turner et al. 2005). Assessment of smallholder knowledge and 
awareness, coupled with experimental trials of GMPs, can generate essential data to address the 
aflatoxin mitigation problem (Ncube and Maphosa 2020). Results from these trials can be used 
to examine alternative packages of GMPs and available technologies with particular attention 
given to cost effectiveness and feasibility of adoption (Leslie et al. 2008; Grace et al. 2015; Pandey 
et al. 2019; Okello et al. 2010; Wagacha and Muthomi 2008; Waliyar et al. 2008; Waliyar et al. 
2015; Torres et al. 2014). Considering existing smallholder knowledge, selected GMPs and 
alternative technologies can then be packaged for delivery to farmers. Thus, technical outreach 
to smallholders can rely on results from these experiments as the basis for efforts to promote the 
adoption of mitigation practices.  
Accordingly, this essay examines smallholder knowledge of aflatoxin, aflatoxin levels, and 
the results from experimental trials for groundnut GMPs, that increase both productivity and food 
safety by reducing aflatoxin. This essay pursues answers to the following three research 
questions:  
(R1) What is the association between HH characteristics and aflatoxin awareness?  
(R2) What is the association between aflatoxin levels, agricultural extension, and adoption 
of GMPs?  
(R3) What is the gross margin and benefit-cost associated with alternative GMPs? 
The following section provides additional background on groundnut farming in Sub-Saharan Africa 
(SSA), aflatoxin in the food supply, and groundnut aflatoxin studies; section 3 presents the 
empirical strategy including a description of the data and the methodological framework used for 
the analysis; results are given in the fourth section; and the final section concludes. 
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4.2 Background 
4.2.1 Groundnut: A Global Crop 
Groundnut (Arachis hypogaea L.), also known as peanut, is a highly nutritious foodstuff 
that is consumed throughout most of the world (Stalker 1997; Toomer 2018). It is a source of 
essential micronutrients that include protein, lipids, minerals (Ca, Cu, Fe, K, Mg, Se, and Zn), and 
vitamins (A, B-complex, C, D, E, and K) (Settaluri et al. 2012; Toomer 2018). Dried groundnuts 
can be stored for extended periods of time and processed into shelf-stable products. Common 
groundnut products include confections, peanut butter, oil and groundnut meal. Groundnut oil is 
primarily used for cooking while the meal that is generated through the extraction process is 
typically processed into animal feed. Among smallholders, groundnuts are consumed raw or 
cooked, and are a key ingredient for a variety of sauces worldwide. 
Diversified smallholder production systems benefit from leguminous crops like groundnut 
(Woomer et al. 2012; Ojiem et al. 2006). In general, smallholders cannot access or afford chemical 
fertilizer (Thuo et al. 2014; 2011). Alternative fertilization strategies include application of manure 
or compost and crop rotations (McClintock and Diop 2005). Legumes are used in rotations to 
increase soil fertility by fixing atmospheric nitrogen (Rogers, Ainsworth, and Leakey 2009; 
Woomer et al. 2012). Thus, groundnut is a low input crop that improves soil health and fertility, 
while contributing to the diversity and resilience of smallholder production portfolios. However, 
disease pressure from Groundnut Rosette Virus (GRV) and post-harvest mold formation have 
become significant challenges for smallholder groundnut producers (Mugisa et al. 2015; Okello 
et al. 2014; Naidu et al. 1999).  
Major declines in groundnut production from the 1970s through the end of the 20th century 
are directly attributed to the lasting impact of GRV (Naidu et al. 1999). Groundnut production in 
Sub-Saharan Africa surpassed previous peak levels from the early 1970s only during the last 15 
years (Jelliffe et al. 2018; FAOSTAT 2017). The primary vector for the spread of GRV is the aphid 
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Aphis craccivora (Okello et al. 2014). As is the case with fertilizer, controlling aphid pressure via 
pesticides is generally not an option for smallholders. Researchers have worked to identify 
disease resistant varietals as well as locally available technologies (e.g. soap) to reduce pressure 
from pests and disease (Nutsugah et al. 2007; Desmae et al. 2019; Abudulai et al. 2018). In cases 
where pest pressure and disease do not result in a total crop failure, weakened plants are more 
susceptible to infection from other diseases and post-harvest formation of harmful aflatoxins. 
Therefore, production practices that enhance crop vigor and reduce pressure from pests and 
disease are highly recommended (Mugisa et al. 2015). 
 
4.2.2 Aflatoxins: A Global Concern  
Attention to food safety and quality is a critical focus of research and policy initiatives 
worldwide. Aflatoxins, a subclass of mycotoxins, have drawn particular attention for being 
pervasive through the food supply and highly detrimental to human and animal health (Chalwe et 
al. 2019; Wild, Miller, and Groopman 2015). The United Nations Food and Agriculture 
Organization (FAO) has estimated that twenty five percent of global food crops are contaminated 
with mycotoxins (Eskola et al. 2019). In addition to being a known carcinogen, researchers have 
found that regular consumption of aflatoxins results in birth defects and stunting in children 
(Adeyeye 2016; Tola and Kebede 2016; Khlangwiset, Shephard, and Wu 2011; Bhat, Rai, and 
Karim 2010; Williams et al. 2004; Chu 1991; Berry 1988). Aflatoxins are generally associated with 
maize and groundnuts. In groundnuts, aflatoxins are highly problematic since the molds (e.g. 
Aspergillus flavus) that generate the toxic compounds are naturally found in the soil (Hedayati et 
al. 2007). Furthermore, extreme and erratic weather patterns associated with climate change 
have been linked to increased prevalence of such mold and mycotoxin formation in the food 
supply (Paterson and Lima 2010; Paterson and Lima 2011; Bandyopadhyay et al. 2016; Battilani 
et al. 2016).  
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Increasing global awareness of aflatoxins in the food supply has resulted in greater 
scrutiny of high-risk crops (Grace et al. 2015; Andrade and Caldas 2015). Such awareness has 
led to efforts to examine aflatoxin-reducing strategies that include both good management 
practices (GMPs) and newly developed technologies (Udomkun et al. 2017; Kabak, Dobson, and 
Var 2006). Researchers have explored a variety of agronomic, harvesting, and post-harvest 
handling strategies to reduce aflatoxin levels. These strategies include: varietal selection for 
aflatoxin resistance (Desmae et al. 2019; Arunyanark et al. 2009; Sharma et al. 2018; Jenipher 
Bisikwa 2013; Nigam et al. 2009; Dieme et al. 2018; Arias et al. 2018; Wang et al. 2016); pre-
planting soil treatments, e.g., Aflasafe (Mallikarjunaiah et al. 2017; Bandyopadhyay et al. 2016; 
Johnson, Atherstone, and Grace 2015; Ndwiga 2015); soil fertility, plant, and weed management 
to increase plant vigor (Abudulai et al. 2018; McClintock and Diop 2005; Bolfrey-Arku et al. 2006); 
harvest and post-harvest practices to reduce the likelihood of mold formation (Waliyar et al. 2015; 
Wang et al. 2016); storage practices to prevent any additional mold formation and cross-
contamination (Villers 2014; Awuah and Ellis 2001); as well as interventions at multiple stages of 
the value chain (Pandey et al. 2019; Gajate-Garrido et al. 2016; Torres et al. 2014). 
Farm-level research has been coupled with public outreach to increase awareness of the 
effects of aflatoxins on human and animal health. In general, consumers demand food that is free 
of harmful compounds and markets adjust to new information (Gajate-Garrido et al. 2016). As a 
result, adoption of aflatoxin testing and certification for local and export markets has been studied 
in recent years (Florkowski and Kolavalli 2014). Unfortunately, in cases where most, if not all, of 
the crop is consumed by the HH, markets are not effective sources of information, nor do market 
mechanisms, e.g., price or product sorting through testing and certification, serve as effective 
levers to increase adoption of GMPs and mitigation technologies (Awuah et al. 2009). For this 
reason, outreach and education to smallholder HHs plays an important role in reducing 
consumption of contaminated food. Yet, limited research has been done to examine the existing 
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awareness of aflatoxins among smallholders (Ngoma et al. 2017). Thus, additional research that 
examines the association between knowledge of aflatoxins and related HH characteristics is 
warranted. Results from this work may justify future outreach to smallholders to increase 
awareness of aflatoxins and the associated health effects, as well as GMPs and available 
technologies. Our empirical analysis first examines smallholder knowledge of aflatoxins across 
three countries – Ghana, Mozambique, and Uganda. Next, it considers the link between 
smallholder characteristics and measured aflatoxin levels in Ghana. Finally, experimental trial 
data from Ghana is used to evaluate alternative good management practices on groundnut yields, 
aflatoxin levels, and expected gross margins. 
 
4.3 Evaluation Strategy 
4.3.1 Data 
To address the first research question (R1) outlined earlier in this chapter, HH survey data 
on self-reported aflatoxin awareness among smallholders is analyzed for three countries (year) – 
Uganda (2014), Ghana (2015), and Mozambique (2016) – summarized in Tables 4.1 to 4.3. All 
three surveys include an identical subsection with questions related to aflatoxin awareness. The 
data and sample frame for Uganda and Mozambique were already described in Chapters 2 and 
3, respectively. The dataset for Ghana was collected in 2015 via a household (HH) survey. The 
instrument used to collect the data was developed by researchers at the University of Connecticut 
and a team of local experts. Initial drafts of the proposed instrument were circulated by project 
leadership to generate feedback to finalize the questionnaire. The purpose of the survey was to 
collect baseline data on groundnut production for a sample of HHs from three regions in central 
Ghana. HH interviews were conducted from October 15 to November 3, 2015.  
The sample frame for the survey includes five districts across the three regions: Drobonso 
and Ejura in the Ashanti Region, Atebubu and Derma in the Brong-Ahafo Region, and Kwahu in 
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the Eastern Region. Lists of villages were provided by the Ministry of Food and Agriculture for 
each district. Ten villages were randomly selected per district for a total of 50 villages surveyed. 
Within each of the villages, 12 smallholder households were randomly selected yielding 120 
farmers interviewed per district. Hence, the total number HHs surveyed was 600. In addition to 
the survey questionnaire, groundnut samples were collected from randomly selected HHs for 
aflatoxin analysis. HHs were paid the market rate for groundnut samples. The samples were 
bagged and labeled by sample ID, then placed in cool storage for transport from the collection 
point to the testing facility at Kwame Nkrumah University of Science and Technology (KNUST) in 
Kumasi. The survey sample includes aflatoxin measurement data for 134 HHs. The analysis 
related to the second research question (R2) focuses on this subsample of 134 HHs from the 
Ghana (2015) dataset with aflatoxin measurement, and data from experimental trials for 
groundnut GMPs on aflatoxin levels. Aflatoxin levels are measured in Parts Per Billion (PPB), 
which is equal to micrograms per kilogram (𝜇𝑔/𝑘𝑔). 
To address the third question (R3), data from alternative management trials for groundnut 
GMPs are pooled for analysis. The trials were conducted in the Drobonso and Ejura districts over 
two years (Yr) during two major and two minor growing seasons (Sn) as follows: 2015-16 major 
(Drobonso only) and minor (Ejura only), and 2016-17 major and minor for both districts. The trials 
considered current farmer practices and GMPs in each stage of HH groundnut production: 
agronomic (Ag); post-harvest drying (D); and storage (S). Two alternatives are defined for each 
of the three production stages, so we obtain the sum a total of 8 trials, determined by a 2´2´2 
factorial design. Tables 4.4 and 4.5 summarize the trial specifications for a total of 514 
observations, with 63 to 65 replications per trial (Table 4.5). The dataset also includes price 
information for groundnut output and for inputs collected by researchers during the experimental 
period. 
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4.3.1.1 Descriptive Statistics 
Variable definitions, HH characteristics, and aflatoxin descriptive statistics from survey 
data for Uganda (2014), Ghana (2015), and Mozambique (2016), are presented in Tables 4.1, 
4.2, and 4.3, respectively. Table 4.2 shows that mean HH size is 6.87 members across all surveys, 
ranging from 5.41 (Mozambique) to 8.47 (Uganda). The data for household heads (HHHs) shows: 
average age is 46, ranging from 40 (Mozambique) to 51 (Uganda); 82% are male, ranging from 
79% (Ghana and Uganda) to 90% (Mozambique); 34% do not have formal education, ranging 
from 14% (Uganda) to 53% (Ghana); and 84% are married, ranging from 82% (Uganda) to 89% 
(Mozambique). Mean farm size is 2.78 ha, ranging from 0.67 ha (Uganda) to 4.65 ha (Ghana), 
with average groundnut area of 0.61 ha, ranging from 0.10 ha to 0.97 ha (Ghana), and the mean 
proportion of total area farmed in groundnuts is 30%, ranging from 16% (Uganda) to 40% (Ghana). 
On average, 80% of the villages receive extension visits, ranging from 74% (Ghana) to 84% 
(Uganda and Mozambique). Compared the other samples, the subsample of 134 HHs in Ghana 
with aflatoxin measurement data are observed to have the highest mean area in groundnuts (1.17 
ha) and proportion of total area in groundnuts (50%), as well as the lowest provision of village 
extension (55%). The average aflatoxin level for HHs in the Ghana subsample is 144 PPB (Table 
4.2), which is nearly 30 times the domestic threshold for processed foods of 5 PPB  (Florkowski 
and Kolavalli 2013).  
Table 4.3 presents comparative descriptive statistics regarding aflatoxin awareness 
adapted from Jordan et al. (2018). In addition to the data for the three countries, Table 4.3 includes 
the sub-sample of 134 Ghanaian HHs with aflatoxin measurement data. Self-reported knowledge 
of aflatoxins is lowest in Ghana (11%) and greatest in Uganda (93%), while the proportion of 
farmers in Ghana that experienced problems with aflatoxins is the highest (83%). Aflatoxin 
persistence during the last 5 years is greatest in Ghana compared to the other countries with 
average HHs experiencing it in 2.4 of 5 years. The proportion of HHs that report no aflatoxins 
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during the last 5 years is similar across countries: Ghana 31%; Mozambique 28%; and Uganda 
34%. 
 
4.3.2 Methodological Framework  
Regression analysis is used to address each of the research questions. Research 
question 1 considers the binary dependent variable knowledge of aflatoxins (KNOW_AF) as a 
function of HH characteristics HH_SIZE, SEX, AGE, EDU_0, M_STAT, HA, G_HA, G3, G4, G9, 
G10, G11, G13, EXT, UGANDA, GHANA, as defined in Table 4.1. Common methods for 
estimation of binary dependent variables include Limited Dependent Variable (LDV), Logit, and 
Probit models. The LDV model is typically estimated via Ordinary Least Squares (OLS), whereas 
Logit and Probit models are usually estimated via Maximum Likelihood (ML). A drawback to the 
LDV model is that estimates are not restricted to the (0,1) interval, resulting in predicted values 
for the binary dependent variable that are problematic, i.e., probabilities that are less than 0 or 
greater than 1. On the other hand, Probit and Logit models impose a functional form that restricts 
predicted values to the (0,1) interval. Thus, the preferred model is selected based on these 
normative considerations as well as empirical results from statistical tests. However, it is often the 
case that selection between the Logit and Probit is left to the discretion of the analyst as statistical 
tests do not indicate a preferred model. Thus, the Probit model is selected over the LDV and Logit. 
The Probit model for estimation of HH 𝑖’s knowledge of aflatoxin (𝐾𝑁𝑂𝑊_𝐴𝐹$) as a function of 𝑘 
explanatory variables (𝑥¯), can be expressed as: 𝑃𝑟(𝐾𝑁𝑂𝑊_𝐴𝐹$ = 1|𝑥¯$) 	= 	Φ(𝑥¯$′𝛽¯)                          (1) 𝑃𝑟(𝐾𝑁𝑂𝑊_𝐴𝐹$ = 0|𝑥¯$) = 	1 − Φ(𝑥¯$′𝛽¯)                          (2) 
where Φ is the cumulative density function (CDF) for the normal distribution, and 𝛽¯ is a vector of 
parameters to be estimated for each of the 𝑘 regressors (Greene 2011). Estimation results denote 
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the probability that HH 𝑖 has knowledge of aflatoxin (𝐾𝑁𝑂𝑊_𝐴𝐹$) given observable characteristics 
(𝑥¯$).  
For research question 2, aflatoxin measurement data from the 2016 HH survey and 
experimental trials are analyzed. Aflatoxin concentration in Parts Per Billion (PPB = 𝜇𝑔/𝑘𝑔) is 
restricted to values greater than or equal to 0.  As is the case with the LDV model, OLS estimation 
of concentrations results in negative predicted values that are problematic. Alternative methods 
to estimate concentrations as a dependent variable are suggested in the literature and include 
fractional, Poisson, and negative binomial regression, Tobit models for censored data, multi-step 
models (e.g., hurdle or switching), or using a cutoff to convert the data to a binary variable for 
estimation via Probit or Logit (Cameron and Trivedi 2005). Aflatoxin data have been shown to 
exhibit a negative binomial distribution (Whitaker et al. 1972). Assuming there are limited 0 values 
in the data, negative binomial and Poisson (a special case of the negative binomial) regression 
generate unbiased and consistent estimates (Cameron and Trivedi 2013; Greene 2008b; 1994).  
The negative binomial regression model can be expressed as: 
 𝜇$ = 𝑒𝑥𝑝(𝑙𝑛(𝑡$) + 𝑥¯$′𝛽¯)                           (3) 
Pr(𝑌 = 𝑦$|𝜇$, 𝛼) = ³(´aVµ¶)³(µ¶)³(´aVU) t UUVµ·ayµ¶ t µ·aUVµ·ay´a	                         (4) 
where	𝜇$, the product of exposure (𝑡$) and the sample mean (𝜇), is estimated as a function of 𝑘 
explanatory variables (𝑥¯$) with associated parameter estimates (𝛽¯); 𝑌 is the dependent variable 
(PPB); 𝑦$ is observed aflatoxin (PPB) for HH 𝑖; 𝛼 is the dispersion parameter equal to the inverse 
of the scale parameter (𝑣), i.e.,	𝛼 = 1/	𝑣; and Γ is the gamma function (Cameron and Trivedi 2013). 
The negative binomial model is estimated via ML (Greene 2011). 
For the 2015 survey data, HH aflatoxin levels (PPB) are regressed on adoption of drying 
and storage GMPs (ADOPT), extension services provided to the village (EXT), the interaction 
term between ADOPT and EXT (ADOPT´EXT), number of HH members (HH_SIZE), and HH 
  88 
consumption of groundnuts 3 or more days per week (G_EAT). The first three variables (ADOPT, 
EXT, ADOPT´EXT) are estimated relative to the excluded category – HHs that are neither GMP 
adopters nor located in villages that receive extension. For the data from the experimental trials, 
PPB is regressed on the alternative trial specifications (Ag, D, S, Ag´D, Ag´S, D´S, and Ag´D´S) 
and the control farmer practice (FP) is the excluded category (trial specifications are described in 
Tables 4.4 and 4.5). Dummy variables are included to capture the effects of Year (Yr) and Season 
(Sn) on aflatoxin (PPB) in both versions of the model, PPB_1 and PPB_2. Location fixed effects 
for PPB_1 are included at the district-level (Dist), whereas in PPB_2 they are included at the farm-
level. The dummy variable for location captures unobserved heterogeneity associated with district 
and farm in PPB_1 and PPB_ 2, respectively. In addition to heterogeneity by location, the farm-
level fixed effects in PPB_2 capture a greater degree of heterogeneity associated with farm 
management as well as the location of the farm. Predicted values for aflatoxins from the analysis 
of the experimental trial data are retained for analysis of research question 3. 
Analysis of research question 3 begins with estimation of the effect of agronomic trials 
(Ag) on groundnut yield via OLS. The general OLS model is denoted as:  𝑌𝐼𝐸𝐿𝐷$ = 𝜌$ + 𝑥¯$′𝛽¯ + 𝜀$                            (5) 
where the dependent variable (𝑌𝐼𝐸𝐿𝐷$) is a function of 𝑘 explanatory variables (𝑥¯$), 𝜌$ is the 
constant term, 𝛽¯ is the vector of estimated parameters, and the last component is the error term 
(𝜀$~𝑁(0,1)) (Greene 2011). Thus, 𝑌𝐼𝐸𝐿𝐷$ is estimated as a function of agronomic GMPs (Ag) 
incorporated in the trials, Year (Yr), Season (Sn), and District (Dist). Farmer practice controls 
include tractor tilling and harrowing; no additional soil amendments; planting 100kg/ha of seed; 
two weddings during the growing season; no foliar applications; and harvest timed at maturity, 
i.e., 90 to 100 days after planting. By contrast the treatments integrate the following agronomic 
GMPs (Ag) into the production cycle: application of oyster shell soil amendments; Alata Samina 
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soap to control groundnut leaf spot and aphid pressure associated with GRV; and an extra (third) 
weeding during the growing season. Treatment and control practices are detailed in Table 4.4. 
Two specifications of the model are estimated, restricted and unrestricted. The restricted version 
[Yield_1] is denoted as: 𝑌𝐼𝐸𝐿𝐷_1 = 𝜌 + 𝛽%»𝐴𝑔 + 𝛽m𝑌𝑟 + 𝛽¼¡𝑆𝑛 + 𝛽¾$¿À𝐷𝑖𝑠𝑡, while the unrestricted 
model, Yield_2, regresses yield on the same variables as the restricted plus a full set of interaction 
terms Inter_i regarding Trial, Year, Season, and District (i.e., Ag ´ 2016 ´ Major ´ Drobonso and 
FP ´ 2017 ´ Minor ´ Ejura).  
Predicted yields, mean post-storage groundnut quality by trial, and local price information 
are used to calculate expected returns, expenses, and gross margins (GM), for each trial. All 
relevant figures are expressed on a per hectare (ha) basis. Returns are calculated as the product 
of groundnut yield (kg/ha), mean post-storage quality (% good kernels), and price ($/kg). 
Expenses are the product of input quantities (units/ha) and respective unit prices ($/unit) (e.g., $8 
per tarp or $0.50 per storage bag). Total Expenses is the sum of the expenses for all production 
inputs. GM is the difference between returns and total expenses, i.e., GM = Returns – Total 
Expenses. Incremental value (∆) is defined as the difference in the total value of a given variable 
(i.e., expenses, returns, GM, and aflatoxin) between the treatment (Tri) and control (Con) values, 
e.g., ∆GM for Ag (Tri) = GM_Ag (Tri) – GM_FP (Con). To calculate the Benefit-Cost Ratios (BCR) 
incremental returns (∆𝑅) is divided by incremental expenses (∆𝐸), i.e., ∆𝑅 × ∆𝐸_U.  
Group means by trial for predicted aflatoxin are also used to calculate incremental values 
for aflatoxin for each of the Tri. These values are then used to generate additional measures for 
the effectiveness of the experimental trials with respect to Con. The first measure AF_E considers 
the expense per unit of aflatoxin (PPB) reduction, calculated as incremental expenses divided by 
incremental aflatoxins, i.e., AF_E = ∆𝐸($) × ∆𝐴(𝑃𝑃𝐵)_U. In this case lower values are better. Next, 
to incorporate incremental returns associated with yield and quality into the analysis, gross margin 
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per unit aflatoxin reduction (AF_GM) is calculated as incremental GM divided by incremental 
aflatoxins, i.e., AF_GM = ∆𝐺𝑀($) × ∆𝐴(𝑃𝑃𝐵)_U. In this case higher values are better.  
The final part of the analysis associated with research question 3 considers aflatoxin 
reduction. Predicted values for aflatoxin [PPB_i] are used for this analysis. A scatter plot of mean 
predicted values [PPB_i]  (y-axis) and incremental expense (x-axis) for each of the trials is 
generated. A series of trendlines are fit to the scatterplot to illustrate the relationship between 
aflatoxin levels and the incremental expense of the GMPs, i.e., the expense associated with 
aflatoxin reduction.  
 
4.4 Results 
Beginning with research question 1, estimates from the Probit model for aflatoxin 
awareness as a function of HH characteristics are presented in Table 4.6. Likelihood ratio (LR) 
tests are used to select between the pooled model (three countries together) and separate models 
for each country. The pooled model is selected as the preferred option based on LR test results 
and also has the highest pseudo R2 (0.52). Estimation results from the pooled model indicate a 
negative association between aflatoxin awareness and no formal education (EDU_0) and overall 
farm size (HA), both of which are significant at the 10% level. We observe positive associations 
between self-reported aflatoxin awareness (KNOW_AF) and groundnut production area (G_HA), 
prior experience with an aflatoxin problem (G3), and village extension (EXT). We also observe 
that the coefficient for UGANDA is considerably higher compared to other countries. These 
associations are statistically significant at the 1% level, with the exception of EXT (extension) (5% 
level). The country models show that Ghana has two additional factors that are negatively 
associated with aflatoxin awareness, age (AGE) and removal of rotten nuts prior to storage (G10). 
In Mozambique, male HHHs (SEX) are 73% more likely to report awareness of aflatoxins relative 
to their female counterparts. A test is done to examine if the results for Uganda in the pooled 
  91 
model are related to participation in a farmer-led groundnut seed multiplication and dissemination 
project. To perform this latter test, a version of the Probit model is run  including only HHs from 
non-project control villages (i.e., HHs from project villages are excluded). The estimated 
coefficients and significance of the Probit results do not change under this alternative 
specification, suggesting that the project did not significantly affect aflatoxin awareness in 
Uganda. This is reaffirmed by project reports that indicate aflatoxin extension was not included in 
the project’s scope of work (Tino, Laker-Ojok, and Namisi 2004). 
Table 4.7 presents the results from the analysis of aflatoxin (PPB) as a function of GMPs 
for drying and storage (ADOPT), village extension (EXT), number of HH members (HH_SIZE), 
and HH consumption of groundnuts 3 or more days per week (G_EAT). GMPs for drying are the 
same as in the experimental trials in Table 4.4, i.e., drying on a tarp instead of bare ground. 
Storage GMPs for the HH survey include poly bags as opposed to the grain-pro bags used in the 
experimental trials, because the latter are not available to HHs. Nevertheless, the use of poly 
bags is considered a good management practice relative to other common storage techniques 
(e.g., earthen silo, burlap sacks, or dirty containers) at the farm level. Estimates for the first three 
variables in Table 4.7 (ADOPT, EXT, and ADOPT´EXT) are relative to the excluded category, 
i.e., HHs that neither adopt the GMPs nor live in villages that receive extension. In other words, 
each of the first three variables (ADOPT, EXT, and ADOPT´EXT) are exclusive of one another, 
meaning that HHs fit only in one of the three categories. Adoption alone (ADOPT) is associated 
with mean aflatoxin levels that are 147 PPB lower than the excluded category. For extension 
alone (EXT) the mean difference is -136 PPB, and for adoption and extension (ADOPT´EXT) 
combined it is -226 PPB. The statistical significance for each of these estimates is 1%. HH size 
is inversely related to aflatoxin levels with an estimated marginal effect of -13.4 (p < 0.01). HHs 
that consume groundnuts regularly (3 or more days per week) compared to those that consume 
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less regularly (less than 3 days per week) are observed to have lower mean aflatoxin levels (-72 
PPB), which is significant at the 10% level. 
The results from the experimental trials on aflatoxin concentrations are presented in Table 
4.7. A LR test indicates that PPB_2 is the preferred model. Estimated values for each of the trials 
are relative to the excluded category, farmer practice (FP), according to the trial specifications 
presented in Table 4.5. All of the experimental trials reduce aflatoxin relative to FP and are 
statistically significant at the 1% level. The greatest aflatoxin reduction is observed for adoption 
of the full set of GMPs (Ag´D´S). Predicted values from PPB_2 are used to calculate mean 
aflatoxin levels (PPB) by trial as shown in Figure 4.1 panel (i), where the FP (control) level is 
1,062 PPB and that of the full set of GMPs(Ag´D´S) is 19 PPB. Aflatoxin concentrations are also 
observed to be highly variable across year (Yr) and season (Sn) with statistically significant effects 
for these variables (p < 0.01). Considering mean aflatoxin levels by year, season, and location, 
the lowest levels (5.1 PPB) are observed for the 2017 minor season in Ejura district under the full 
set of GMPs (Ag´D´S) (Figure 4.2). 
 Estimation results for agronomic GMPs (Ag) on log groundnut yields from the experimental 
trials are presented in Table 4.9. An LR test indicates that the restricted (Yield_1) is preferred to 
the unrestricted (Yield_2) version of the yield model. Yield_1 results show that mean groundnut 
yield is increased by the agronomic GMPs (Ag) relative to the control farmer practice (FP). The 
mean difference in groundnut yield between the trial (Ag) and control (FP) groups is calculated 
by first taking the exponential of predicted log yield from Yield_1. Next, averages are calculated 
for each group (Ag and FP) and differenced to determine the mean effect of the agronomic GMPs 
on yield. The result is an increase in yield of 461 kg/ha for the agronomic GMPs (Ag) relative to 
current farmer practices (FP). Results for year (Yr) and season (Sn) and district (Dist) mirror those 
in Table 4.8 and suggest that significant variability in weather patterns is likely to impact both HH 
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food quality and productivity. The preferred model (Yield_1) includes a term for year (Yr), planting 
season (Sn), and district (Dist) to control for these effects, which are all statistically significant at 
the 1% level. Goodness of fit for the restricted Yield_1 model is indicated by R2 = 0.75. 
Average predicted values for groundnut aflatoxins (PPB_2) and yield (Yield_1) are used 
to examine Gross Margins for the experimental trials. Table 4.10 presents mean predicted values 
for groundnut yield and aflatoxins for the different trials where the comparison or control is the 
Farmer Practice (FP). Mean predicted yield for unshelled farmer stock is 1,751 kg/ha for when 
current farmer agronomic practices are used (FP, S, D, and D´S) and 2,212 kg/ha when 
agronomic GMPs are used (Ag, Ag´D, Ag´S, and Ag´D´S). The proportion of good kernels by 
trial is lowest for FP (59%) and highest for Ag´D´S (95%) (Figure 4.1, panel (ii) and Table 4.10). 
Figure 4.1, panel (iii) shows the yield in good kernels post shelling for each trial, which is lowest 
for FP (518 kg/ha) and highest for Ag´D´S (1,053 kg/ha). Mean Gross Margin (GM) by trial ranges 
from $236 (FP) to $638 (Ag´D) (Figure 4.1, panel (iv) and Table 4.10). The lowest GM is 
associated with the FP control. A positive incremental GM is observed for each Tri (Table 4.10). 
Remember that these incremental values are equal to the value obtained from each treatment 
minus the respective control value (e.g., Incremental GM for Ag (Tri): is $427 – $236 = $191. The 
greatest incremental GM is observed for Ag´D ($402). 
Table 4.11 presents additional measures of intervention effectiveness that incorporate 
expenses, returns, and gross margins, along with aflatoxin reduction. The first column provides 
Benefit-Cost Ratios observed to be greater than one for each Tri. The greatest BCR is observed 
for D (27.5). The very high BCR observed for D is a result of the low cost for tarps ($8) and an 
effective increase in good kernels of 21% relative to FP (Table 4.10). Column two (AF_E) contains 
the expense per unit (PPB) reduction of aflatoxins by Tri, with the lowest expense per unit 
reduction observed for D ($0.01/PPB). On the other hand, the Ag´D Tri generates the greatest 
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GM per unit reduction at $0.44/PPB (AF_GM). Adoption of the full set of GMPs (Ag´D´S) 
produces the second highest GM for both total GM ($618, Table 4.10) as well as GM per unit 
aflatoxin reduction (AF_GM = $0.37, Table 4.11) and the fourth highest BCR (2.5, Table 4.11). 
However, Ag´D´S is identified as the preferred set of practices given the much lower aflatoxin 
levels compared to the other treatment trials regardless of ranking for GM, AF_GM, or BCR. 
Notably, mean aflatoxin levels for Ag´D´S (19 PPB) are seven and a half times less than the 
Ag´D scenario (142 PPB) and fourteen times less than the D scenario (272 PPB) (Table 4.10).  
Figure 4.3 illustrates the relationship between aflatoxin levels and the incremental 
expense for the GMPs. Based on the estimated trendlines, processors require additional sorting 
and grading to reduce aflatoxin levels to meet the domestic requirement of less than five PPB for 
processed peanut products (indicated by the dashed line in Figure 4.1, panel (i), Figure 4.2, and 
Figure 4.3). 
 
4.5 Summary and Concluding Remarks 
This essay begins by examining self-reported knowledge of aflatoxins and associated HH 
characteristics (R1) followed by an investigation of the relationship between HH characteristics 
and aflatoxin levels (R2). Results from experimental trials are then extended to estimate expected 
HH benefits from the adoption of Good Management Practices (GMPs) (R3), which include both 
agronomic and post- harvest practices. 
Findings for R1 suggest that knowledge of aflatoxin is related to village extension services, 
HHH education, total farm size, groundnut production area, experience with aflatoxins, and higher 
levels of knowledge in Uganda relative to Ghana and Mozambique. Estimation results from the 
pooled model indicate a negative association between aflatoxin awareness and no formal 
education and overall farm size. On the other hand, we observe positive associations between 
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self-reported aflatoxin awareness and groundnut production area, prior experience with an 
aflatoxin problem, and village extension. We also observe that self-reported knowledge is greater 
in Uganda compared to Ghana and Mozambique. 
Research question 2 is addressed with both HH survey data and experimental trials from 
Ghana. The results from both analyses indicate that GMPs reduce aflatoxin levels relative to 
current farmer practices. Furthermore, evidence from the HH survey demonstrates the importance 
of extension services on aflatoxin incidence at the village-level. This result for R2 compliments 
the results from R1 regarding the association between extension and knowledge of aflatoxin. 
Analysis of the HH survey data from Ghana also shows an inverse relationship between aflatoxin 
levels and HH size as well as regular consumption of groundnuts. Results from the experimental 
trials include highly significant effects by year, season, and location on aflatoxin and groundnut 
yields. Farmers are familiar with historical variation in weather patterns; however, these observed 
annual fluctuations do present management challenges. Furthermore, global climate change 
models predict greater variability in weather patterns driven by anthropogenic greenhouse gas 
emissions, which is thoroughly documented in the literature (Kurukulasuriya and Rosenthal 2013; 
Rosenzweig et al. 2014; Paterson and Lima 2010; 2011). These shifts are making it more difficult 
for producers to anticipate growing conditions and to plan accordingly so as to maximize expected 
output given inputs while mitigating aflatoxin pressure. This scenario will continue to pose added 
challenges to farmers and livelihoods specially to those with more limited resources. 
The final research question (R3) examines the results of experimental trials with respect 
to expected Returns, Expenses, Gross Margins, Benefit-Cost Ratios, and aflatoxin reduction. 
Analysis of experimental trials relative to the current farmer practices (control) generate in all 
cases positive Gross Margins (GMs) and Benefit Cost Ratios (BCRs) greater than one. These 
findings suggest that adoption of groundnut GMPs increases HH welfare. Although the full set of 
GMPs (Ag´D´S) does not produce the greatest GMs and BCRs, it provides the largest reduction 
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in aflatoxin levels. Despite these reductions, mean aflatoxin levels under the full set of GMPs do 
not meet the domestic requirement of 5 PPB for processed groundnut products. Therefore, 
additional measures must be taken to further reduce the proliferation of aflatoxins on the farm. 
Further research is needed to examine strategies for farm-level aflatoxin reduction, including 
aflatoxin resistant groundnut varieties, recently developed technologies (e.g. AflaSafe), and 
additional GMPs (e.g. pre-storage sorting).  
In sum, this essay provides novel contributions to the growing literature on aflatoxins in 
SSA. It focuses on self-reported knowledge of aflatoxins and the mechanisms by which 
groundnuts can be grown productively and safely to meet the nutritive demands of smallholder 
HHs. Altogether, it draws from multiple data sources to examine promising leads for groundnut 
production in the effort to enhance regional food security and resilience among smallholders. 
Finally, it is important to underscore that agronomic practices can play an important role 
in reducing aflatoxin and that such practices should be complemented by cost effective post-
harvest interventions. These results confirm the importance of undertaking field trials the results 
of which can be converted into valuable recommendations for producers. A major implication 
relates to the importance of providing opportunities to farmers so that they can learn the 
recommended practices and thus facilitate adoption. However, a remaining challenge that is well 
documented in the literature is the lack of liquidity that prevents smallholder farmers in poor 
countries to adopt practices that can have high expected benefits. Here is where governments 
and donors play a critical role by implementing well designed interventions that include the 
dissemination of proven practices and materials, well organized farmer training and extension 
support, access to financing, and expanded marketing opportunities. 
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Tables and Figures 
 
Table 4.1 Variables and Definitions for Uganda, Ghana, and Mozambique 
Variable Definition 
HH_SIZE Number of HH members (#) 
AGE HHH age (#) 
SEX HHH sex (1=male, 0=female) 
EDU_0 HHH education (1=no formal, 0=primary+) 
M_STAT HHH marital status (1=married, 0=otherwise) 
HA HH farm area (ha) 
G_HA HH groundnut area (ha) 
G_PROP Proportion of HH farm area in groundnuts (0,1) 
KNOW_AF Knowledge of aflatoxin prior to survey (1=yes, 0=no) 
G3 Experienced Aflatoxin problem (1=yes, 0=no)  
G4 Aflatoxin incidence during the last 5 years (0-5) 
G4_i Aflatoxin incidence, i=0 to n year(s) of last 5 years (1= n year(s), 0=otherwise) 
G9 Removal of visibly rotten (aflatoxin) groundnuts before eating (1=yes, 0=no) 
G10 Removal of visibly rotten (aflatoxin) groundnuts before selling (1=yes, 0=no) 
G11 Buyer preference for Aflatoxin free groundnuts (1=yes, 0=no) 
G13 Sprinkle groundnuts before selling (1=yes, 0=no) 
EXT Extension service available to village (1=yes, 0=no) 
PPB Concentration of aflatoxin in groundnut sample, Ghana survey only (AF) 
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Table 4.2 Descriptive Household Statistics for Uganda, Ghana, and Mozambique 
Variable 
Total Uganda 
Ghana 
Mozambique Full Sample 
(FS) 
Aflatoxin  
(AF) 
Sample Size (N) 1480 480 600 134 400 
HH_SIZE 6.87 8.47 6.36 6.81 5.41 
AGE 46.16 51.41 45.33 46.49 40.01 
SEX 0.82 0.79 0.79 0.79 0.90 
EDU_0 0.34 0.14 0.53 0.48 0.34 
M_STAT 0.84 0.82 0.84 0.88 0.89 
HA 2.78 0.67 4.65 4.13 2.73 
G_HA 0.61 0.10 0.97 1.17 0.74 
G_PROP 0.30 0.16 0.40 0.50 0.32 
EXT 0.80 0.84 0.74 0.55 0.84 
PPB --- --- --- 144 --- 
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Table 4.3 Descriptive Aflatoxin Statistics for Uganda, Ghana, and Mozambique 
Country Uganda Ghana Moz. 
Year 2014 2015 2016 
Subsample (Ghana only) --- FS AF --- 
Number of respondents (N) 480 600 134 400 
HHs with knowledge of aflatoxin prior to survey (KNOW_AF) 93% 11% 16% 15% 
Most common source of aflatoxin knowledge: other farmers 50% 32% 28% 38% 
HHs that experienced aflatoxin problem in groundnuts (G3) 66% 83% 85% 75% 
 Aflatoxin incidence during the last 5 years: 
Mean number of years (G4) 1.4 2.3 2.4 2.0 
HHs with no aflatoxin problem in last 5 years (G4_0) 34% 31% 31% 28% 
1-2 years (G4_1 + G4_2) 50% 24% 24% 40% 
3-5 years (G4_3 + G4_4 + G4_5) 16% 44% 45% 32% 
 Most common resource for aflatoxin information exchange: 
Farmer group members 14% 6% 2% 3% 
Neighbors 12% 10% 9% 15% 
Relatives 6% 14% 11% 8% 
Most common change in farmers practice as a result of 
aflatoxin information sharing: 
Drying Variety Harvest 
Time 
18% 8% 3% 10% 
 Most important causes of aflatoxin given by farmers: 
Don’t know 41% 25% 23% 50% 
Poor drying 38% 12% 12% 14% 
Too much rain 12% 10% 10% 24% 
Pests and disease 5% 11% 11% 4% 
Poor storage 1% 5% 4% 8% 
 Removal of visibly rotten (aflatoxin) groundnuts before: 
Eating (G9) 61% 80% 82% 81% 
Selling (G10) 25% 76% 74% 52% 
Experience buyers checking groundnuts for aflatoxin (G11) 42% 88% 74% 59% 
 Most common uses for visibly moldy or rotten groundnuts: 
Same as other groundnuts (no difference) 34% 9% 2% 26% 
Throw away 24% 81% 74% 69% 
Burn 36% 0% 1% 2% 
Sprinkle groundnuts with water before shelling (G13) 2% 41% 26% 28% 
Main reason for sprinkling groundnuts with water: hard shell 1% 24% 13% 26% 
Note: Adapted from Jordan et al. (2018). 
 
 
 
 
 
  100 
4.4 Definition of Farmer Practices and Good Management Practices used in the Trials for 
Ghana 
Trial  Farmer Practice Control Treatment GMP 
Agronomic   
Field preparation Tractor: till and harrow Same as Farmer Practice 
Soil amendments  None Oyster shell powder 
Planting 100kg per hectare Same as Farmer Practice 
Weeding Two per season Three per season 
Foliar application None Alata Samina soap 
Harvest-timing 90-100 days after planting Same as Farmer Practice 
Drying Bare ground  Tarpaulin 
Storage Poly sac on ground Hermetically sealed plastic 
bag on raised surface 
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Table 4.5 Groundnut Control and Treatment Trial Specifications and Replications for 
Ghana 
Trial 
Good Management Practice Total (N) 
Agronomic Drying Storage 514 
Control     
FP: Farmer Practice N N N 63 
Treatment     
Ag: Agronomic Y N N 65 
D: Drying N Y N 64 
S: Storage N N Y 63 
Ag´D Y Y N 65 
Ag´S Y N Y 65 
D´S N Y Y 64 
Ag´D´S Y Y Y 65 
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Table 4.6 Probit Results for Self-Reported Aflatoxin Awareness for Uganda, Ghana, and 
Mozambique 
Variable Pooled Model 
Country Models 
Uganda Ghana Mozambique 
HH_SIZE -0.005 -0.002 0.003 -0.044 
 (0.014) (0.023) (0.019) (0.043) 
SEX -0.112 -0.284 -0.214 0.728* 
 (0.163) (0.358) (0.217) (0.381) 
AGE -0.005 -0.009 -0.009* 0.002 
 (0.003) (0.007) (0.005) (0.007) 
EDU_0 -0.200* -0.093 -0.225 -0.228 
 (0.110) (0.258) (0.152) (0.199) 
M_STAT 0.205 0.105 0.395 -0.132 
 (0.178) (0.348) (0.257) (0.332) 
HA -0.014* -0.203 -0.010 -0.113 
 (0.008) (0.239) (0.008) (0.077) 
G_HA 0.193*** 3.023* 0.055 0.639*** 
 (0.074) (1.580) (0.086) (0.196) 
G3 0.568*** 0.255 0.352 0.362 
 (0.187) (0.461) (0.229) (0.369) 
G4 -0.013 -0.048 -0.031 0.058 
 (0.030) (0.114) (0.039) (0.062) 
G9 -0.006 0.372 0.097 -0.298 
 (0.149) (0.460) (0.192) (0.258) 
G10 -0.198 0.068 -0.400** -0.025 
 (0.130) (0.249) (0.193) (0.235) 
G11 0.137 0.184 0.031 0.052 
 (0.130) (0.268) (0.263) (0.180) 
G13 0.005 --- 0.085 -0.166 
 (0.114) --- (0.146) (0.216) 
EXT 0.257** 0.171 0.254 0.537** 
 (0.118) (0.277) (0.175) (0.265) 
UGANDA 2.768***    
 (0.158)    
GHANA -0.168    
 (0.127)    
Constant -1.574*** 1.496*** -1.183*** -2.211*** 
 (0.266) (0.445) (0.429) (0.669) 
Pseudo R2 0.517 0.118 0.036 0.106 
N 1388 480 573 335 
Note: Clustered Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 4.7 Negative Binomial Regression Results for Aflatoxin Levels for Ghana Survey 
Variable: Definition Coefficient SE 
ADOPT: HH adopts drying and storage GMPs (1=yes, 0=no) -147*** (39.90) 
EXT: extension services provided to village (1=yes, 0=no) -136*** (52.54) 
ADOPT´EXT -226*** (61.30) 
HH_SIZE: Number of HH members (#) -13.4*** (4.78) 
G_EAT: HH consumes groundnuts 3 or more days per week 
(1=yes, 0=no) 
-72.3* (42.09) 
Pseudo R2 0.024  
Log-pseudolikelihood -729.4  
Likelihood Ratio 35.73  
N 134  
Note: Marginal effects (dydx) reported; Robust SEs calculated using delta method are clustered 
at the village level; * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 4.8 Negative Binomial Regression Results for Aflatoxin Levels for Ghana Trials 
Variable: Definition PPB 1 SE PPB 2 SE 
Ag: Agronomic  -322*** (72.1) -308*** (63.6) 
D: Drying  -385*** (89.4) -376*** (79.1) 
S: Storage  -485*** (89.8) -478*** (80.7) 
Ag´D -553*** (100.3) -552*** (91.8) 
Ag´S -670*** (105.1) -659*** (95.4) 
D´S -832*** (126.7) -819*** (112.0) 
Ag´D´S -1116*** (148.9) -1097*** (136.7) 
Yr: Year (1=2016, 0=2017) 353*** (54.9) 369*** (57.8) 
Sn: Season (1=Major, 0=Minor) 207*** (34.3) 208*** (33.5) 
Fixed Effects (district or farm) district  farm  
Pseudo R2 0.082  0.086  
Log-pseudolikelihood -2931.3  -2918.7  
Likelihood Ratio 524.8  550.1  
N 514  514  
Note: Marginal effects (dydx) reported; Robust SEs calculated using delta method; * p < 0.10, ** 
p < 0.05, *** p < 0.01 
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Table 4.9 Ordinary Least Squares Regression of Log Yield for Ghana Trials 
Variable: Definition Coefficient SE 
YIELD_1:   
Ag: Agrnomic GMPs 0.23*** (0.03) 
Yr: Year (1=2016, 0=2017) 0.52*** (0.05) 
Sn: Season (1=Major, 0=Minor) 0.54*** (0.06) 
Dist: District (1=Drobonso, 0=Ejura) 0.13*** (0.06) 
Constant 6.85*** (0.04) 
R2       0.75  
   
YIELD_2:   
Inter_1: (Ag, 2016, Major, Drobonso) 1.42*** (0.05) 
Inter_2: (FP, 2016, Major, Drobonso) 1.19*** (0.07) 
Inter_3: (Ag, 2016, Minor, Ejura) 0.81*** (0.08) 
Inter_4: (FP, 2016, Minor, Ejura) 0.54*** (0.08) 
Inter_5: (Ag, 2017, Major, Drobonso) 0.93*** (0.11) 
Inter_6: (FP, 2017, Major, Drobonso) 0.73*** (0.13) 
Inter_7: (Ag, 2017, Major, Ejura) 0.80*** (0.06) 
Inter_8: (FP, 2017, Major, Ejura) 0.56*** (0.06) 
Inter_9: (Ag, 2017, Minor, Drobonso) 0.39*** (0.12) 
Inter_10: (FP, 2017, Minor, Drobonso)       0.15 (0.13) 
Inter_11: (Ag, 2017, Minor, Ejura) 0.21*** (0.07) 
Inter_12: (FP, 2017, Minor, Ejura) Excluded  
Constant 6.83*** 0.04 
R2       0.75  
   
N       130  
Note: * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 4.10 Post-Estimation Analysis of Mean Yield, Aflatoxin, Quality, Returns, Expenses, 
and Gross Margins for Ghana Trials 
Trial 
Yield 
(kg/ha) 
AF 
(PPB) 
Good 
(%) 
Total Incremental (∆) 
Ret. Exp. GM Ret. Exp. GM 
Control          
FP: Farmer Practice 1,751 1,062 59%  622   386   236  --- --- --- 
Treatment           
Ag: Agronomic  2,212  351 70%  929   502   427   308   117   191  
D: Drying  1,751  272 80%  841   394   448   220   8   212  
S: Storage  1,751  180 80%  837   493   344   215   107   108  
Ag´D  2,212  142 87%  1,148   510   638   527   125   402  
Ag´S  2,212  95 84%  1,110   638   472   488   252   236  
D´S  1,751  53 89%  930   501   429   309   115   194  
Ag´D´S  2,212  19 95%  1,263   646   618   642   260   382  
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Table 4.11 Alternative Measures of Intervention Effectiveness for Ghana Trials 
Treatment (Trial) 
BCR 
(∆R´∆E-1) AF_E (∆E´∆AF-1) AF_GM (∆GM´∆AF-1) 
Ag: Agronomic 2.6 0.16 0.27 
D: Drying 27.5 0.01 0.27 
S: Storage 2.0 0.12 0.12 
Ag´D 4.2 0.14 0.44 
Ag´S 1.9 0.26 0.24 
D´S 2.7 0.11 0.19 
Ag´D´S 2.5 0.25 0.37 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  108 
Figure 4.1 Mean Aflatoxin, Groundnut Quality, Shelled Yield, and Gross Margin for Ghana 
Trials 
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Figure 4.2 Mean Predicted Aflatoxin Levels Under Full Set of GMPs by Year, Season, and 
District for Ghana Trials 
 
Note: 2016 Major season Drobonso only; 2016 Minor season Ejura only. 
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Figure 4.3 Aflatoxin Reduction Expense Curve for Ghana Trials 
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